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“The successful incorporation of toxicogenomics into regulatory frameworks
may someday be regarded as the most important intellectual and practical
contribution from this generation of ecotoxicologists” Ankley et al. (2006)
1.1 Omics technologies for a comprehensive study of
biological systems at biomolecular levels
1.1.1 Omics
The “omics” concept refers to technologies that are employed to comprehensively in-
vestigate biological systems at different molecular levels and in a non-targeted manner
(Weckwerth, 2003). These studies typically involve advanced technologies to carry out
a large number of measurements on a single sample, for instance gene expression for
genomics, mRNA expression for transcriptomics, protein expression for proteomics and
metabolite levels for metabolomics. Organized in a cascade of biomolecular processes that
translate genetic information into functional and phenotypic expression, each biomolecu-
lar level holds a set of properties as illustrated in Fig. 1.1.
The genome, transcriptome, proteome and metabolome represent the complete set of
genes, transcripts, proteins and metabolites, respectively. Unlike the genome, the tran-
scriptome, proteome and metabolome are context-dependent. In other words, they reflect
or vary with the physiological, developmental or pathological status of the cell, tissue,
organ or organism (Oliver, 2000; Raamsdonk et al., 2001). The regulation of reactions oc-
curs at all levels and does not only depend on genes expression (ter Kuile and Westerhoff,
2001). Moreover, proteins and metabolites differ from the other biomolecules by their
15
1. General introduction
functional capacity within the cell. Proteins are the mechanistic units for functions while
metabolites are both substrates and products of these functions. Metabolites are the
biomolecules most related to the phenotype. Between 4000 and 25000 compounds may
define the metabolome of any organism while the plant kingdom may comprise 200000
metabolites (Fernie et al., 2004; Trethewey, 2004). Since metabolites such as amino acids
or sugars are shared by many organisms, metabolomes may also be compared between
different species.
In summary, metabolomics seem to be a promising strategy to study biological systems.
Its close link to phenotype and function and its ability to reflect genetic and environmental
changes (Roessner et al., 2001) as well as sensing and modulating the other biomolecular
targets represent a new way to investigate organisms physiology.
Figure 1.1: Scheme of the cascade of biomolecular processes that link genotype to phe-
notype (modified after Weckwerth (2003), Goodacre (2005) and Goodacre (2007)). 1-
transcription, 2- translation, 3- post-translational modification and protein-protein inter-
action.
1.1.2 Metabolomics
Metabolomics is a recent approach in systems biology and functional genomics that bridges
the gap between genotype and phenotype (Goodacre, 2005) by investigating the biochem-
ical complement of cells and tissues (Fiehn, 2002), also called “metabolome” Oliver et al.
(1998). Metabolomics is considered to be a comprehensive and non-targeted approach.
However, technical limitations imply that polymers for instance are excluded from the
analyses. Indeed, only small biomolecules or metabolites that have a molecular weight
below 1500 Da are usually detected (Hall, 2006). According to Fiehn (2002), the analysis
of metabolites can be performed following different approaches. Targeted analysis may
16
1. General introduction
be used to reveal the effects of genetic alterations and focuses on the substrate and/or
the direct product of a given protein. Metabolite or metabolic profiling is an approach
that focuses on a selected subset of metabolites, which are quantified and identified to
uncover the role of certain pathways. The aim of metabolic fingerprinting is to classify
samples based on their metabolic patterns. This approach usually does not require an
identification of the metabolites. A set of important definitions is reported in the Box 1.
Metabolomics is an emerging field of science that is expanding, as reflected by the re-
cent increase in publications. We retrieved 5432 articles published during the period 1998
– 2010 using the search term “metabolom* OR metabonom*” in ISI Web of Knowledge
(Thomson Reuters). The number of publications increased in an exponential manner as
illustrated in Fig. 1.2.



















Figure 1.2: Number of articles published per year retrieved using the search term
“metabolom* OR metabonom*” in ISI Web of Knowledge (Thomson Reuters). Black
dots and lines represent the total number of articles published during the period 1998 –
2010 while the grey dots and lines represent articles categorized under the label “Envi-
ronmental Sciences & Ecology”.
The subject categories which appear most frequently are “Biochemistry & Molecular
Biology” and “Chemistry”, as reported in Table 1.1. This reflects the tight link that exists
between the development of metabolomics and technological progress particularly in the
field of analytical chemistry, which enables increasing accuracy and numbers of measure-
ments (Lay Jr et al., 2006). However, because of the high chemical diversity of compounds
which characterize the metabolome, the whole metabolite diversity may not be covered by
a single protocol and thus could result into trade-off between accuracy of measurements
17
1. General introduction
Table 1.1: Number of papers published in the period 1998 – 2010 and
retrieved using the term search “metabolom* OR metabonom*” in ISI Web
of Knowledge (Thomson Reuters). The 5432 papers found were sorted and
ranked by the most relevant ISI Web of Knowledge’s subject categories
Rank Subject category Number of publications
1 Biochemistry & Molecular Biology 916
2 Chemistry 787
3 Pharmacology & Pharmacy 315
4 Plant Sciences 293
5 Biotechnology & Applied Microbiology 280
6 Endocrinology & Metabolism 227
7 Toxicology 154
8 Food Science & Technology 129
9 Science & Technology - Other Topics 120
10 Cell Biology 117
14 Agriculture 105
17 Environmental Sciences & Ecology 77
and metabolites coverage (Oksman-Caldentey and Saito, 2005). Additionally, the natural
difference between the concentration of different metabolites is an analytical challenge.
Indeed, analytical methods should have a high dynamic range (i.e. the range of concen-
tration between detection limit and maximum amount of a substance to be quantified)
to accurately detect both low and highly abundant metabolites (Birkemeyer et al., 2005;
Sumner et al., 2003).
Two types of analytical methods are mainly used to analyze complex samples in
metabolomics: nuclear magnetic resonance (NMR) spectroscopy and mass spectrometry
(MS). MS is usually coupled to a chromatographic technique such as liquid chromatogra-
phy (LC) or gas chromatography (GC).
Both LC and GC-MS systems ensure good sensitivity and selectivity of compounds
(Sumner et al., 2003). Unlike LC-MS methods, the use of the GC-MS technology in
metabolomics requires some a derivatization step to increase the volatility of the metabo-
lites that are to be analyzed (Fiehn et al., 2000a; Roessner et al., 2000). However, iden-
tification of metabolites detected by LC-MS rely mainly on comparisons with reference
compounds (Maloney, 2004) while different mass spectral databases exist for GC-MS
methods, such as the NIST 051 or the Golm Metabolome Database2 (GMD).
In gas chromatography-mass spectrometry (GC-MS), the molecules from a mixture are
separated by going through the capillary column of the gas chromatograph. Because of
their chemical properties, these compounds will interact in different ways with the column
and will elute from it at different times. Then, these separated compounds enter in the
mass spectrometer where they are broken into ionized fragments which are subsequently
detected based on their mass-to-charge ratio (m/z). The fragmentation pattern produced





2004). Thus, data generated by a GC-MS system are characterized by three dimensions
as illustrated in Fig. 1.3. The first dimension is the elution time of chromatographic
peaks, the second is the mass-to-charge ratio (m/z) of ionized fragments and the third
is the intensity of both chromatographic peaks and fragments. In this example, nine
chromatographic peaks were associated to nine different mass spectra and were found in
the retention time window of 20-26 minutes. Since a high number of samples is usually
produced in metabolomics experiments and since analytical methods generally produce
highly complex multi-dimensional data, such approaches depend on bioinformatic tools
to handle, store and analyze the data (Sumner et al., 2003). Therefore, the development
and the improvement of chemometrics techniques to handle and statistically analyze data
is an important field within the metabolomics research. Handling of metabolomics data
produced by GC-MS can be divided into two steps: the pre-processing and the statistical
analysis.
The first step is the pre-processing step and consists of the detection of signals, the
filtering of noise, the alignment of chromatographic peaks across samples, eventually the
deconvolution of mass spectra and their identification using mass spectral databases. At
the end of this process, the pre-processed data from all samples are merged into one
file, which will be used for statistical analyses. GC-MS data produced within metab-
olic fingerprinting approaches can be handled using XCMS (Smith et al., 2006), Metalign
(Lommen, 2009) or Tagfinder (Luedemann et al., 2008). These three softwares generate
mass spectral features or tags based on the chromatographic and mass spectral informa-
tion. These signals are then organized into matrices, which can be used for statistical
analyses. For GC-MS based metabolic profiling approaches, softwares such as the Au-
tomated Mass spectral Deconvolution and Identification system (AMDIS) (Halket et al.,
1999; Stein, 1999), IDalign3 or Spectconnect (Styczynski et al., 2007) can be used to pre-
process data. AMDIS has already been used in a variety of metabolomics studies (Fiehn,
2003; Kluender et al., 2009; Ossipov et al., 2008) although this tool does not offer the
possibility of peak alignment and files merging. IDalign and Spectconnect are platforms
that can be used online. Our attempts to test these two programs were unsuccessful and
characterized by long uploading time and crashes. Tagfinder can eventually be used in
metabolic profiling approaches since it offers the possibility to identify metabolites using
the Golm Metabolome Database (GMD). However, the same sample preparation and the
same instrumentation must be used to adequately identify the tags.
Although, the aim of metabolic fingerprinting is to reveal differences between samples
based on their multivariate metabolic patterns, such an approach would benefit from
putative identification of metabolites present. Indeed, hypothesis on the biological changes
occurring in organisms may be deduced and could help to select pathways to investigate
with a profiling approach. Though many solutions to pre-process metabolomics data
exist (Katajamaa and Oresic, 2007), there is a lack of freely available tools that perform
the pre-processing of GC-MS data generated within metabolic profiling or fingerprinting
approaches, from alignment of chromatographic peaks up to identification of metabolites.
Following the pre-processing step, comparison of samples often requires the use of
multivariate methods to extract and summarize the main information of the data sets.













































































































































































































































































































































































































































































































































































































































































































































































































































































Figure 1.3: 3-D representation of a GC-MS data set. Intensity of signals is plotted against
the retention time of chromatographic peaks and the m/z scale.
nent analysis (PCA) is a non-supervised linear method that has been extensively used
in metabolomics (Coucheney et al., 2008; Desbrosses et al., 2005; Viant et al., 2006a,b).
Non-linear methods such as self-organizing maps (SOM) (Mounet et al., 2007) or super-
vised methods derived from partial least squares regression (PLS) (Bylesjö et al., 2006,
2008; Rantalainen et al., 2007) have also been successfully used to analyze metabolomics
data. Other multivariate methods such as co-inertia analysis (CIA) (Dray et al., 2003)
have not been used in metabolomics yet. CIA was initially created to find the link existing
between two ecological tables. In metabolomics, this method could help to link metabolic
information to other types of experimental data.
Expanding the range of statistical analyses currently used in metabolomics will help
extracting important information from these complex data sets.
Box 1: Glossary
Chemometrics: The application of statistical and computer methods to data
analysis in chemistry and related scientific fields. (Fernie et al., 2004).
Community metabolomics: Metabolomic approach to assign metabolites to
individual species present in a community (author’s personal definition).
Ecotoxicogenomics: The application of omics profiling methods to problems in
environmental toxicology and ecotoxicology (Bundy et al., 2009).
20
1. General introduction
Environmental metabolomics: Application of metabolomics to characterize
the interactions of living organisms with their environment (Bundy et al.,
2009).
Metabolite: Molecules with a low molecular weight molecules (<1500 Da), usu-
ally involved in primary metabolism such as growth and maintenance and
normal function (Ankley et al., 2006; Lin et al., 2006).
Metabolome: The complete set of metabolites present in an organism
(Oliver et al., 1998).
Metabolomics: The comprehensive analysis in which all metabolites present in
a biological sample are identified and quantified (Fiehn, 2002).
Metabonomics: A non plant term generally used to define the technology
used to measure quantitatively the metabolic composition of body fluids
following a response to pathophysiological stimuli or genetic modification
(Nicholson et al., 2002)
Meta-metabolomics: based on the definition of metaproteomics proposed by
VerBerkmoes et al. (2009), meta-metabolomics can be defined as the exper-
imental frame in which metabolites detected or identified in a community
cannot be attributed to organisms or species. It describes the overall pool
of metabolites and is opposed to the concept of community metabolomics.
Metabolic fingerprinting: High throughput qualitative screening of the
metabolite patterns or “fingerprints” of biological samples with the primary
aim of rapidly classifying samples according to their origin or their biological
relevance (Fiehn, 2002).
Metabolite profiling or metabolic profiling: Identification and quantifica-
tion of a selected number of pre-defined metabolites present in a biological
sample (Fiehn, 2002).
Targeted analysis: Constrained analysis of the substrate and/or the direct
product of a given protein by using optimized extraction and dedicated
separation/detection techniques (Fiehn, 2002).
1.2 Environmental metabolomics
Pharmacology & pharmacy, plant science, applied microbiology or toxicology are major
fields of application of metabolomics. The categories of publications related to environ-
mental research are ranked at the 14th (Agriculture) and 17th (Environmental Sciences &
Ecology), with 105 and 77 articles published in 12 years, respectively (see Table 1.1). The
amount of publications addressing environmental questions increased every year but do
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not follow the rapid growth of the metabolomics research (Fig. 1.2). Out of the 77 envi-
ronmental papers, 50 (i.e. 65 % of environmental metabolomics publications) are original
articles or book chapters and 12 (14 %) are reviews papers. Thus, the use of metabolomics
for environmental research, also called environmental metabolomics, appears to be still
an under-developed field of science.
Environmental metabolomics has been defined as “the application of metabolomics to
the investigation of both free-living organisms obtained directly from the natural envi-
ronment (whether studied in that environment or transferred to a laboratory for further
experimentation), and of organisms reared under laboratory conditions (whether studied
in the laboratory or transferred to the environment for further experimentation), where
any laboratory experiment specifically serves to mimic scenarios encountered in the nat-
ural environment” (Morrison et al., 2007).
Bundy et al. (2009) recently reviewed the domain in which environmental metabol-
omics strategies were used. The aspects covered by environmental studies range from
temperature acclimation, drought and salinity stress to food availability in plants and
invertebrates. For instance, Davey et al. (2009) studied populations of Arabidopsis lyrata
ssp petraea coming from different regions of northern Europe. The authors showed that the
various metabolic phenotypes were related to the atmospheric temperatures found in the
different region. Abu-Nada et al. (2007) revealed the temporal metabolic dynamics that
follow the invasion of potatoes plants by Phytophthora infestans. Hines et al. (2007a) in-
vestigated the metabolic responses induced by hypoxia on natural populations of mussels.
The authors particularly emphasized that the important effect of the sampling strategy on
the variability of the metabolic fingerprints of mussels may hide stress-induced metabolic
responses. A GC-MS based metabolic profiling approach used on bacterial strains showed
that the set of metabolites released outside the cell (exometabolome) was more sensitive
than the set of metabolites located within the cell (endometabolome) to reflect the effect
of temperature shifts (Coucheney et al., 2008).
Environmental metabolomics has not only been established to study the responses
of organisms to abiotic stressors or to biotic interactions, but also to investigate the
existing linkages between exposure of organisms to toxicants and effects on their metabolic
phenotypes.
1.2.1 Assessing toxicity of chemicals on the environment from
molecules to communities
In 1977, René Truhaut defined ecotoxicology as “the branch of Toxicology concerned with
the study of toxic effects, caused by natural or synthetic pollutants, to the constituents of
ecosystems, animal (including humans), vegetable and microbial, in an integral context”
Truhaut (1977). The advent of the chemical era (i.e. increased use of chemical prod-
ucts) by the end of the 19th century, stimulated the emergence, from a human centered
scientific problematic (i.e. toxicology), of a field of science focused on the “harmful ef-
fects on the various constituents of ecosystems of chemical pollution of the environment,
for which man is to a large extent responsible”. Ecotoxicogenomics refers to studies in
which metabolomics or other omics profiling approaches are applied in the context of
environmental toxicology and ecotoxicology (Bundy et al., 2009).
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A pioneer metabolic profiling study using GC-MS was carried out by Sauter et al.
(1991), who investigated the metabolic response patterns of Barley plants exposed to
chemically different herbicides. This study showed that herbicides with similar mode-of-
action induced similar response patterns in plants. More recently, Aranìbar et al. (2001)
could discriminate the mode-of-action of different herbicides using 1H NMR spectroscopy
of Zea mays extracts combined with advanced multivariate technique such as artificial
neural networks (ANN). Therefore, the combination of metabolomics technology with
multivariate statistics seems to be promising to study the mode-of-action of chemicals.
Other environmental metabolomic studies have been conducted to reveal the toxicity
of environmental contaminants on invertebrates. For instance, laboratory soil studies
were conducted to test metabolic changes occurring in earthworms after exposure to
pyrene (Jones et al., 2008) or exposure to DDT and endosulfan (McKelvie et al., 2009).
Additionally, field studies have been conducted in metal contaminated sites (Bundy et al.,
2007, 2008) using 1H-NMR spectroscopy, GC-MS or both technologies together.
Studies of aquatic systems were mainly carried out on fishes, either adults, embryos
or eggs grown in laboratory (Viant et al., 2005, 2006a,b).
Environmental metabolomics studies carried out on algae are more rare. One example
is the experiment by Bölling and Fiehn (2005), in which the effect of nutrient deprivation
on the metabolic levels of Chlamydomonas reinhardtii was investigated. To our knowledge,
the study by Kluender et al. (2009) is the only study that has focused on the effects of tox-
icants on microalgae. This is particularly surprising since microalgae are model organisms
for toxicity testing (OECD, 2006). Using a GC-MS based approach, Kluender et al. (2009)
investigated the effects of the herbicide prometryn on the metabolome of synchronously
grown cultures of the green alga Scenedesmus vacuolatus. Two types of metabolic trajec-
tories were uncovered in this study. The first corresponded to the changes of metabolome
occurring during a period of 14 hours under control conditions (i.e. unexposed) while the
second was detected under exposure to prometryn and was associated to the effects of
prometryn on the phenotype. Due to the high reproducibility of results, the capacity to
reflect normal physiological development and deviations induced by the exposure to the
herbicide Scenedesmus vacuolatus showed to be a very suitable model for metabolomics
studies. Further details on this study can be found in the Box 2.
As shown by the metabolomics studies above, metabolomics technology has the poten-
tial to provide insights into the physiological acclimation of a variety of organisms under
exposure to toxicants. However, integration of metabolomics into ecotoxicology is still
fragmentary and requires further efforts.
Box 2: A phytotoxicity assessment using a metabolomics approach
Kluender et al. (2009) investigated the effects of an herbicide on clonal popula-
tions of the unicellular microalga Scenedesmus vacuolatus. These synchronously
grown organisms were exposed to the photosystem II (PSII) inhibitor prometryn.
Metabolic changes induced by the exposure were detected using a GC-MS system
and were linked to growth responses. The objectives of this study were to reveal
(i) the experimental variability of the metabolic profiles of the algae cultivated
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under control condition and (ii) the temporal changes in the metabolic profiles of
algae cultivated in normal growth condition and submitted to a prometryn expo-
sure that ensure a non-lethal effect of the toxicant on cellular growth (Adler et al.,
2007).
After 14 hours of exposure, the size of exposed cells was almost equal to the
size observed after 4 hours of growth under normal conditions. 130 and 170
metabolites were observed in the hydrophilic and lipophilic extracts, respectively.
Median coefficient of variation (CV) of the metabolite concentrations was 15%.
Moreover, 95% of the signals varied less than 50%. The technical scatter was eval-
uated at 5% and the sample preparation at 20% in both hydrophilic and lipophilic
phases. A low biological variation was observed compared to the technical one.
Under control growth conditions, an increase of sugars levels was observed
along the time and was interpreted as an accumulation of assimilation products
from Calvin cycle. The increase of amino acids (except Met), with the maximum
observed after 8-10 hours of growth under controlled condition, was interpreted
as a dominance of anabolic processes.
After 14 hours of exposure, the metabolic patterns as well as the cell size of
algae were similar to the ones observed at early stages of development. Metabolic
developmental trajectories observed in the hydrophilic phase were cleared than
the ones observed in the lipophilic phase. Three different time-exposure patterns
were extracted: (i) “early exposure-specific increase”, like Phe, Asp and Met in-
creasing after 4 hours and decreasing at the end of exposure; (ii) “late-observable
effect”, with an increase of Gly and Lys only at the end of the exposure but con-
siderably lower levels than in controls; and (iii) “early exposure-specific inhibition
of biosynthesis”, immediate increase of metabolites like sugars in controls but
remained low or even decreased in the early stages of exposure.
1.2.2 Integration of metabolomics into ecotoxicology
Although some efforts have already been made towards the good integration of ecotoxi-
cogenomics strategies within ecological risk assessment procedures, it is still a challenging
task (Ankley et al., 2006). Recently, Adverse Outcome Pathways (AOP) have been pro-
posed as conceptual frame in which biological and toxicological knowledges are organized
and omics data integrated to link the initial event (molecular interaction of the toxicant)
to adverse manifestations of the effect (Ankley et al., 2010). AOPs require to define the
internal dose in order to address the issues of the initial molecular interaction of the
chemical with the organism and the linkage of changes observed using omics technique to
ecologically relevant parameters.
However, AOPs do not integrate yet the concept of concentration or dose-response
relationships although the authors acknowledged its importance. For instance, AOPs
require methods and models to relate dose at one level of biological organization to other
levels of biological organization and effects expressed. Moreover, in order to choose the
most relevant AOP for a compound (i.e. the one with the lowest effect concentration
detected leading to an adverse outcome), different dose-response relationships should be
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established for different AOPs.
Furthermore, the AOP concept does not integrate the community level yet. The
main reason for this may be that only few omics studies have focused on the effects of
toxicants at the community level. Moreover, the concept of “adverse effects” which can
be defined at the population level, for instance as the decline of a population, is more
difficult to define at the community level. Indeed, the decline of a population can coincide
with the development of another population within a community. Therefore, toxicant
effects are usually revealed by “early warnings” changes in structure and function of the
community (Sabater et al., 2007). Finally, due to the high unpredictability of processes
occurring at the community level (Van Straalen, 2003), it may be difficult to establish
robust mechanistic relationships that link initial molecular interactions to a specific change
of a community. However, the use of AOP in ecotoxicological studies of communities may
help to better organize the existing and future pool of molecular, functional and taxonomic
information.
To conclude, in order to be integrated into the concept of AOPs and thus to provide
useful information for future environmental risk assessment, the aspects of concentration-
response relationships and community responses must be addressed using omics technolo-
gies such as metabolomics.
Metabolomics and the concentration-response approach
One key concept in ecotoxicology and ecological risk assessment that was inherited from
pharmacology and toxicology is the establishment of concentration-response or dose-effect
relationships (Nordberg et al., 1976; Truhaut, 1977). This approach relies on the principle
that a biological response to a chemical depends on its amount at the site of action that
is linked to the amount to which the organism is exposed. Establishment of dose or
concentration-effect relationships is for instance included in the OECD guideline 201 for
testing chemicals on freshwater alga and cyanobacteria, adopted in 2006 (OECD, 2006).
Concentration-response approaches are required to define ECx4, (e.g. EC50 of growth),
LOEC5, NOEC6 values used as threshold for toxicity assessment. In-depth understanding
of physiological changes induced by the exposure to a chemical can also be derived from
establishment of concentration-response relationships. The increasing pressure that an
organism undergoes under an increasing gradient of concentration will manifest in different
responses according to Depledge (1989). Fig. 1.4 illustrates these different responses.
Under very low exposure concentrations, healthy organisms react to the effect of a chemical
through homeostatic adaptations. Above a certain concentration, stress is induced on
healthy organisms. In order to adapt to this situation, mechanisms of compensation will
be activated to eventually come back to an homeostatic situation. In situations where
stress induced by the exposure to a toxicant exceeds the limits of compensation, disease
will be manifested. This may lead to death if the pressure is maintained. In cases the
pressure is released and stress repair mechanisms are activated to restore compensatory
responses, organisms may eventually return to a healthy state. Since the departure from
4concentration at which x% of effect is observed
5Lowest observed effect concentration is the lowest concentration of chemical tested at which an effect
is observed
6No observed effect concentration is the concentration tested at which no significant effects are observed
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normal physiological response (impairment scale) is more sensitive than the consequence
of this departure (disability scale), following physiological responses may help to detect
early warnings response and set new safety levels for pollutants.
The investigation of metabolic changes induced by increasing chemical pressure may
help to understand the early warning responses exhibited at low exposure concentration
and to characterize specific metabolic patterns associated to healthy and unhealthy states
of an organism.
Figure 1.4: The relationship between impairment of physiological function and disability
of an organism under toxicant exposure (modified after Depledge (1989)).
Metabolomics and toxicant-induced community responses
Freshwater ecosystems are increasingly exposed to contaminants such as pesticides and
by-products of industrial activity, which may produce effects at different levels of biological
organization (Schwarzenbach et al., 2006). Clements (2000) stated that “one of the major
goals of ecotoxicology is to develop an improved mechanistic understanding of ecologically
significant responses to contaminants.” He noted that none of the observable endpoints
can be mechanically and ecologically linked to exposure to a toxicant. Thus, he suggested
to perform measurements at different levels of biological organization in order to find the
causal link between the specific and mechanistic biochemical responses directly linked to
exposure and the ecologically relevant communities or ecosystems changes.
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A periphyton community is an assemblage of organisms colonizing free surfaces sub-
merged in water and embedded in a slimy coat of extracellular polymeric substance (EPS)
(Young, 1945). Algae are usually dominant in periphyton communities but bacteria and
protozoans are also present. As the main primary producer of benthic freshwater systems,
periphyton has a crucial role in the function of streams and rivers. The entire food chain,
from herbivorous to fishes, depends on the periphyton as carbon source both locally and
for downstream areas (Finlay et al., 2002). Furthermore, the periphyton is essential for
the transfer of organic matter in streams as depicted in Fig. 1.5 modified from Pusch et al.
(1998).
Figure 1.5: Structure and role of the periphyton in organic matter fluxes (modified af-
ter Pusch et al. (1998)). The plain arrows represent the immobilization and transfer of
dissolved organic matter (DOM) (1) and particular organic matter (POM) (2), the me-
tabolization of polymers by extracellular enzymes (3), trophic links (4, 5) and losses of
biomass (6) by scouring or predation. The presence of a toxicant may have direct or in-
direct effects on the community (dashed arrows). The meta-metabolome may integrate a
complex chemical information which may reflect toxicant-induced changes on periphyton
communities.
Periphyton communities, also called biofilms, are seen as early warning systems to
detect the effects of toxicants on aquatic systems (Sabater et al., 2007). Blanck et al.
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(1988) described the mechanisms by which a toxicant affects the periphyton community
as follows: the pressure exerted by a toxicant on the organisms tends to select the most
tolerant organisms to the specific stress, inducing a toxicant induced succession (TIS),
which will manifest in an increase of the tolerance of the community to this toxicant also
called pollution induced community tolerance (PICT). PICT is a sensitive tool which is
able to detect the effects of toxicants on community that were not predictable on the base
of single species sensitivities (McClellan et al., 2008).
Molecular methods have also been used to investigate the effects of toxicants on peri-
phyton communities. For instance, Eriksson et al. (2009b) uncovered the tolerance mech-
anism to the PSII inhibitor Irgarol 1051 in marine periphyton using gene sequence anal-
yses and by combining the PICT concept to ecotoxicogenomics technologies. The study
of psbA gene sequences and predicted sequences of the target of Irgarol, the D1 protein,
demonstrated that increased tolerance quantified by PICT was mainly explained by a
selection of high-turnover D1 proteins. In a following study, Eriksson et al. (2009a) used
a phylogenetic approach to assess the taxonomic affinities related periphyton communi-
ties differing in their tolerance. Tolerance to Irgarol was found to be linked to a reduced
diversity of the psbA sequence while the earlier described tolerance mechanism was shown
to be present in diatoms only.
The toxicity of pharmaceuticals on fluvial periphyton was also assessed. The effect
of three β-blockers (metoprolol, propanolol and atenolol) after 24 hours exposure were
revealed using photosynthetic parameters as well as enzymatic assays (peptidase and
catalase activities) (Bonnineau et al., 2010).
Using SWIFT periphyton tests, Porsbring et al. (2007) showed that photosynthetic
pigment profiles measured by HPLC reflected the taxonomy and the physiology of commu-
nities and were influenced by the exposure to toxicants. Sabater et al. (2007) extensively
reviewed the uses of periphyton to reveal effects of toxicants. They identified different sets
of functional (photosynthesis, pigment composition, enzymatic activities) and structural
(biomass, species composition, growth form) descriptors to investigate acute and chronic
effects of toxicants, respectively. They also emphasized the need to integrate different
levels of biological organization (i.e. from metabolic to community indicators) to obtain
a realistic assessment of the effects of chemicals.
To our knowledge, there was no investigation that used a meta-metabolomics approach
to reveal toxicant effects on the metabolites levels of periphyton communities. Meta-
metabolomics can be defined as the experimental frame in which metabolites detected
or identified in a community cannot be attributed to organisms or species. The meta-
metabolome of a periphyton community may reflect the causal link existing between
molecular changes induced by toxicants and ecologically relevant changes on structure
and function of the community that follow.
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1.3 Objectives of the thesis
The overall objective of this thesis was to develop and apply environmental
metabolomic approaches for the study of autotrophic systems of diverse bio-
logical complexity in order to uncover the molecular effects of xenobiotics that
lead to toxicity and understand their propagation to higher levels of biological
complexity.
In the present work, we focused on the herbicide prometryn and the industrial chemical
N -phenyl-2-naphthylamine (PNA), two highly phytotoxic chemicals found in the sediment
of the Spittelwasser, a tributary of the Elbe river in Germany (Brack et al., 1999). The
impact of these two chemicals on periphyton communities was shown in an in situ study
(Rotter et al., 2011). While effects of prometryn on the metabolome of Scenedesmus vac-
uolatus have been already demonstrated (Kluender et al., 2009), effects of PNA still need
to be investigated. Additionally, the question arose whether the effects of these environ-
mental contaminants could be reflected by metabolite changes in periphyton communities.
Specifically, we addressed the following research questions:
i Is it possible to overcome the limitations of the pre-processing of GC-MS based
metabolomics data by developping a program that uses the output of the Automated
Mass spectral Deconvolution and Identification system (AMDIS)? (Chapter 3)
ii What are the concentration-dependent metabolic changes induced in Scenedesmus
vacuolatus by the exposure to N -phenyl-2-naphthylamine? (Chapter 4)
iii Are the effects of environmental differences and short-term (acute) exposure to prom-
etryn reflected by differences in the meta-metabolic fingerprints of periphyton com-
munities? (Chapter 5)
iv What are the effects of a long-term (chronic) exposure to prometryn on the meta-







“Metabolite measurements have been carried out for decades because of the
fundamental regulatory importance of metabolites as components of biochem-
ical pathways, the importance of certain metabolites in the human diet and
their use as diagnostic markers for a wide range of biological conditions, in-
cluding disease and response to chemical treatment.” Fernie et al. (2004).
2.1 Test organisms
2.1.1 Scenedesmus vacuolatus
Populations of the unicellular chlorophyte Scenedesmus vacuolatus (Shih. et Krauss strain
211-15 from culture collection Pringsheim (SAG Göttingen, Germany)) were studied in
this work (see Chapter 4). Cells suspensions were cultivated photoautotrophically in
sterile and inorganic liquid medium (at pH 6.4) and under stable temperature conditions
(at 28 ◦C). The growth of the cells was synchronized using a 14:10 hours light:dark regime.
A periodic dilution to a reference cell density of 106 cells mL−1. Further details can be
found in Faust et al. (1992) and Altenburger et al. (2004).
2.1.2 Periphyton
Periphyton was cultivated in microcosms containing 15 L of unfiltered freshwater from
the Parthe river as natural inoculum (see Chapters 5 and 6). For stable growth conditions
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microcosms were placed in a climate chamber at 20 ◦C with a 14/10 h light-dark cycle using
neon lamps (irradiance of 130-150 µmol photons m−2 s−1) and were stirred continuously.
Light proof plastic panels covered the sides of the microcosms to avoid diffuse light. Water
was replaced weekly. Microscope glass slides (60 mm x 26 mm) and glass discs (15 mm
diameter) were used as substrate to grow periphyton. In total, 42 glass slides and 180
glass discs were arranged in Plexiglas holders in each microcosm.
2.2 Solvents and reagents
The purest grade available (>99.7%) of the solvents methanol, chloroform and dimethyl
sulfoxide (DMSO) were purchased from Merck (Lichrosolv, Darmstadt, Germany). 2%
methox-yamine hydrocholoride in pyridine and N -methyl-N -(trimethylsilyl) trifluoroac-
etamide were purchased from Pierce (Rockford, USA). Hydrochloric acid in methanol
(methanolic HCl) as well as the standard ribitol were purchased from Supelco (Bellefonte,
USA). Trifluoroacetic acid (99.5%) was available from Fluka (Buchs, Switzerland). A
retention index standard mixture of 24 aliphatic hydrocarbons (range C7–C30; purity >
99.1%) was supplied by Sigma (Saint Louis, USA).
The compound N -phenyl-2-naphthylamine (PNA) with a purity of 97.0% and prom-
etryn (6-methylsulfanyl-2-N,4-N-di(propan-2-yl)-1,3,5-triazine-2,4-diamine) with a purity
of 99.7% were purchased from Riedel-de-Häen (Seelze, Germany; CAS RN 7287-19-6).
2.3 Properties of the toxicants
Two toxicants have been used during this work, the industrial chemical N -phenyl-2-
naphthylamine (PNA) and the herbicide prometryn. This two substances have been
found as sediment contaminants in the Spittelwasser, a tributary of the Elbe river in Ger-
many, and are toxic towards algae (Brack et al., 1999). The chemical properties of these
toxicants are summarized in Table 2.1.
The PNA is a hetero-polycyclic aromatic hydrocarbon (PAH) that was used by rubber
industry as antioxidant but can be naturally produced by some plants (Zhanaeva et al.,
1989). It was found to be highly phytotoxic to algae through a reactive toxicity although
its mode-of-action is still under debate (Altenburger et al., 2006; Brack et al., 1999).
Prometryn is a herbicide belonging to the s-triazines, with a well know mode-of-action.
It is a photosystem II (PSII) inhibitor, which binds to the plastoquinone QB niche of the
D1 protein of the PSII reaction centre. This results in the displacement of the electron ac-








Table 2.1: Chemical properties, industrial use and environmental concentrations of the toxicants used during this work
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15.8 mg kg−1b –
a Hansch et al. (1995)
b calculated for the Spittelwasser by Brack et al. (1999)
c Altenburger et al. (2006); Brack et al. (1999)
d Qian et al. (2009)
e Rotter et al. (2011)
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2.4 Traditional ecotoxicological measurements
A set of endpoints, traditionally measured in ecotoxicology, have been used in this thesis
to assess the effect of toxicants on the biota and are reported hereafter.
2.4.1 Cell volume and number
Cell volume and cell number of Scenedesmus vacuolatus populations were measured on cul-
ture aliquots using the CASY II-particle counter ( Schärfe System GmbH; Reutligen, Ger-
many). For each measurement, at least 2000 particles were counted to estimate the mean
cell volume. More details are reported in Altenburger et al. (2004) and Altenburger et al.
(2008).
2.4.2 Autofluorescence and cell vitality
Autofluorescence and cell vitality of Scenedesmus vacuolatus populations were estimated
by flow cytometry using a FACSCalibur (Becton Dikinson; Heidelberg, Germany) equip-
ped with two lasers, an argon ion laser emitting at 488 nm, a red diode laser (633 nm)
and with four detectors for green (530 ± 30 nm), yellow (585 ± 41 nm), orange (661 ±
16 nm), and red (>670 nm) fluorescence. Ten thousand cells were measured per run. A
computer equipped with CellQuest Pro (BD, San Jose, USA) was used for data acquisi-
tion. Noise in the measurement of algal cells was reduced by setting a threshold to 100.
Autofluorescence, that reflect amount of chlorophyll a, was estimated on aliquot of cell
culture by using red (>670 nm) and green (530 ± 30 nm) fluorescence (relative units) as
parameters. Cell vitality, that reflect changes in cytoplasm, was estimated by staining 1
mL aliquot of culture with 30 µl of the dye fluorescein diacetate (FDA) and using red
(>670 nm) and green (530 ± 30 nm) fluorescence (relative units) as parameters. Further
details can be found in Adler et al. (2007).
2.4.3 Pulse Amplitude Modulation (PAM) fluorometry
PAM fluorometry is a non-destructive, in vivo technique which measures the variable
fluorescence of photosynthetic pigments (e.g. chlorophyll a). The photochemical efficiency
is derived from measurement of this fluorescence under different intensities and duration
of light. Two types of devices have been used to assess two types of information.
Photochemical efficiency
Photochemical efficiency was measured by applying the saturation - pulse method using
a MAXI-Imaging-PAM fluorometer (HeinzWalz GmbH; Effeltrich, Germany). Measure-
ments were carried out using 24-well Multiwell plates. Either 2 ml of S. vacuolatus liquid
culture or discs colonized by periphyton were disposed in each well. The maximum quan-
tum yield and the effective quantum yield of the PSII were estimated.
The maximum quantum yield (ΦP SII) was estimated on dark-adapted samples and
calculated using the equation 2.1 (Genty et al., 1989). Under a measuring light (ML)
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which does not drive photosynthesis, the minimum fluorescence intensity (Fo) was esti-
mated, followed by the measurement of the maximal fluorescence intensity (Fm) obtained













The effective quantum yield (Φ′P SII), was measured under actinic light that drives
photosynthesis and calculated using the equation 2.2 (Genty et al., 1989). First, the stable
fluorescence (Fo′) was measured. After a saturating pulse, the maximal fluorescence of
light-adapted samples (Fm′) was recorded. This measurements was repeated four times
with a period of 2.5 minutes between each measurement. The variable fluorescence (Fv′)
was calculated by (Fm′ − Fo′) and the photochemical efficiency derived from Fv′/Fm′.













Following Schmitt-Jansen and Altenburger (2008), the PHYTO-PAM chlorophyll fluo-
rometer (HeinzWalz GmbH; Effeltrich, Germany) was used to estimate the proportion of
chlorophytes, cyanophytes and diatoms found in the periphyton. These algae classes were
discriminated by measurement of the absorption characteristics of the light-harvesting
pigments, using a four wavelength excitation light (470, 520, 645 and 665 nm) and com-
parison to reference spectra. These reference spectra were obtained on pure cultures of
S. vacuolatus (chlorophyte), N. palea (diatom) and S. leopoliensis (cyanophyte).
For each microcosm, three colonized discs were placed in flat glass vessel and covered
with water from the respective aquarium. After 3 min of dark adaptation, samples were
illuminated for 3 min with actinic light (wavelength 660 nm) at 111 mmol photons m2
s−1. Three different spots were measured on each disc in order to take into account the
heterogeneity of the periphyton.
2.4.4 Photosynthetic pigments
The quantification of photosynthetic pigments present in the periphyton provides informa-
tion on the structure of the community. Indeed, some pigments such as lutein, fucoxanthin
and echninenone are specific for the algae classes chlorophytes, diatoms and cyanophytes,
respectively (Woitke et al., 1994). For pigment analysis, one glass disc was disposed into
a brown scintillation glass vessel. One ml of 90% acetone was added, in order to extract
the lipophilic pigments. For each sampling, three discs were prepared for each microcosm.
The tubes were wrapped into aluminium foil and sonicated for 5 min. The samples were
then stored in the dark at −80◦C for 24 hours. The vessels were sonicated a second time
and the extracts were filtered through a 0.2 µm pore syringe filter (Spartan 13/0.2 RC,
Schleicher & Schuell; Dassel, Germany).
The analyses of the pigment extracts were carried out using the reverse-phase HPLC
BioTek Kontron 525 equipped within an autosampler 465 (BioTek U.S; Highland Park,
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US), according to Woitke et al. (1994). Standards of Chl a, Chl b and carotenoids (fucox-
anthin, zeaxanthin, lutein and β-carotene) from DHI Water & Environment (Horsholm,
Denmark), were analyzed and used to build calibration curves. More information can be
found in Schmitt-Jansen and Altenburger (2008).
2.4.5 Calculation of parameter inhibition
The inhibition of the growth, photosynthesis, autofluorescence and FDA incorporation







with respexp the response measured after exposure to a given concentration and x¯(respcont)
the average response measured in the controls.
The concentration-response relationships were analyzed using the software OriginPro
8 SR2 (v8.0891) from the OriginLab Corporation (Northampton, MA, USA). The inhibi-
tions of the observation parameters (Inhibitionresp(%))were modeled using the log-logistic
model 2.4 here after with θ1 the initial value (set to 0), θ2 the final value and p the slope
of the model.







The general work flow followed for a GC-MS based metabolomics approach is constituted
of three phases in which (A) the samples are collected and prepared for the GC-MS
analysis, (B) the sample extracts are analyzed by the GC-MS system and (C) the data
sets generated are handled and statistically analyzed. The sample preparation can be
divided in 5 main steps that are illustrated in the Fig. 2.1. The overall procedure was
adapted from Kluender et al. (2009) while derivatization procedure was adapted from
Roessner et al. (2000), Fiehn et al. (2000a) and Fiehn et al. (2000b).
2.5.1 A: Sample preparation
The preparation of Scenedesmus vacuolatus samples and periphyton samples presented
some differences. Therefore, the detailed information about sample preparation is re-
ported in the Chapters 4 and 5, respectively. The 5 main steps of the sample preparation
are described hereafter.
In the step 1 of the sample preparation, the biological material is collected and sep-
arated from the growth medium and disposed in plastic container (Eppendorf tubes for
S. vacuolatus cultures or plastic 5-slides mailers for periphyton). The metabolism is then
quenched by quickly plunging the containers in liquid N2. In this step, all enzymatic
reactions are inactivated. The samples are kept at −80◦C until freeze-drying (step 2).
After a 24 hours freeze-drying that remove the water from the samples, metabolites are
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extracted in a solution of methanol, chloroform and 0.015% trifluoroacetic acid (10:5:4,
v/v/v) (step 3). After centrifugation, the supernatant is collected is mixed with water
and chloroform. This liquid-liquid extraction (step 4) is performed to separate hydrophilic
metabolites in the upper phase from the lipophilic metabolites in the lower phase of the
solution. Each phase is collected and independently derivatized (step 5) as follow: hy-
drophilic metabolites are methoximated and then silylated while lipophilic metabolites are
transmethylation and silylated. In this step, the volatility of the metabolites is increased.
2.5.2 B: GC-MS analysis
After the preparation of the samples, the metabolite extracts were analyzed using the
Agilent 6890N gas chromatograph (Agilent Technologies; Santa Clara, USA), coupled to
the quadrupole 5975 mass spectrometer controlled by the Agilent ChemStation software
Figure 2.1: General flow chart of the GC-MS based metabolomics approach. First, sam-
ples are prepared following the sequence harvest and quenching of metabolism, freeze-
drying, metabolites extraction and liquid-liquid extraction. Then hydrophilic metabolites
extracts are derivatized by methoximation followed by silylation while the lipophilic are
transmethylated and silylated. In a second time, the extracts are analyzed in a GC-MS
system using two different programs. Finally, data are pre-processed using the Metabol-
omics Oriented Pre-processing (MOP) routine that was developed in the present work
and subsequently analyzed by multivariate statistics.
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(G1712DA, Rev.02.00). One µL of the hydrophilic extract was injected (split ratio of
3:1, carrier gas helium) into a deactivated pre-column (10 m), connected to a medium
polar column DB35ms column (30 m, 0.25 mm internal diameter, 0.25 µm film, Agilent).
Injection and interface temperature were 280 ◦C, the quadrupole was set to 150 ◦C and the
ion source adjusted to 230 ◦C. Separation of hydrophilic metabolites was achieved with
an oven temperature program of 1 min isothermal at 100 ◦C, followed by a 5 ◦C min−1
temperature ramp up to 260 ◦C, followed by 20 ◦C min−1 temperature ramp up to 350 ◦C
and a final 5 min heating at 350 ◦C. To stabilize retention times from run to run the
retention time locking software (RTL, Agilent) was used. The head pressure was adjusted
in the constant pressure mode to a locked retention time of 17.38 min (17.47 psi) from
the reference compound octadecane. Mass spectra were recorded after a solvent delay of
4 min with 2.46 scans per second (mass scanning range of m/z 50 to 650; threshold of
50).
Lipophilic extracts were analyzed by GC-MS using the same parameters as described
for the hydrophilic phase, with the following exceptions. The injection split ratio was set
to 20:1 while the head pressure was adjusted to a locked retention time of 29.7 min (17.2
psi) for the new reference compound eicosane and set to constant mode. Moreover, the
temperature program was modified. The initial oven temperature was set to 60 ◦C (1 min
isocratic) followed by a temperature ramping with 5 ◦C min−1 to 320 ◦C and a final 3 min
heating at 320 ◦C.
2.5.3 C: Data handling and analysis
The files generated by the GC-MS system were pre-processed before being analyzed using
multivariate statistics.
Pre-processing of data
The pre-processing of data is generally of main importance in metabolomics approaches.
Therefore, the Chapter 3 has been dedicated to the extensive description of the Metabol-
omics Oriented Pre-processing (MOP) method that was developed in this thesis to handle
GC-MS data generated within metabolomics experiments.
Coefficient of variation (CV) of metabolite levels








with µMetab.level the average metabolite level and σMetab.level the standard deviation of the
metabolite level.
Multivariate analysis
The R environment (R Development Core Team, 2007) has been used to perform all the
multivariate analyses of metabolomics data. A summary of the methods used in this work
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as well as the related function in R can be found in the Table 2.2.
The principal component analysis (PCA) has been used to extract and summarize
the main variability or information stored in the metabolic profiles. All PCA have been
performed on normalized data sets. In a PCA, the correlation matrix calculated for
a dataset is decomposed into eigenvectors and their eigenvalues. Then, the principal
component scores of each sample on these eigenvectors are calculated and followed by
a subsequent ordination plot of the scores. A deeper description of the method can be
found in Legendre and Legendre (1998).
The co-inertia analysis (COIA) has been used to compare the result of two multivariate
analyses (e.g. two PCAs) in order to reveal the information common in two tables. The
separate analysis of two tables for instance using PCA, produces two representations
of the samples in two hyperspaces and find factors which maximize the inertia in each
hyperspace. COIA aims to find a couple of co-inertia axes on which the sites are projected
by maximizing the square covariance between the projections of the sites on the co-inertia
axes (Dray et al., 2003).
Table 2.2: Summary of the statistical methods of analysis used in this work. All
these analyses have been performed in the R statistical environment.
Method Function Package References Pages
Distance compu-
tation




hclust Base – 48
Classification





coinertia ade4 (Dray et al., 2003) 50
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Chapter 3
Handling GC-MS data using the
Metabolomics Oriented
Pre-processing (MOP)
“Technologies used in metabolomics produce large amounts of data, and han-
dling such complex metabolomics datasets is an important step that has big
impact on extent and quality at which the metabolite identification and quan-
tification can be made.” Katajamaa and Oresic (2007)
3.1 Résumé
La métabolomique est une approche qui consiste à caractériser l’ensemble des métabolites
présent dans un organisme. L’étude des métabolites nécessite l’utilisation de technologies
avancées qui permettent de mesurer un grand nombre de variables ou métabolites dans
chaque échantillon. Par ailleurs, une quantité importante d’échantillons est généralement
analysée au cours de ces travaux. C’est pourquoi des outils bioinformatiques adaptés aux-
différents types de technologie ont été développés afin de gérer et manipuler de grandes
quantités de données complexes. L’utilisation de la chromatographie en phase gazeuse
couplée à la spectrométrie de masse (GC-MS) génère des données en trois dimensions. La
première correspond au temps d’élution des pics chromatographiques, la seconde repré-
sente le ratio masse-charge (m/z) des fragments de molécules ionisés alors que la dernière
correspond à l’intensité des pics chromatographiques et des fragments.
L’utilisation des données produites par GC-MS dans une approche métabolomique né-
cessite un pré-traitement durant lequel les pics chromatographiques sont détectés, quan-
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tifiés et alignés entre les échantillons, éventuellement identifiés par comparaison de leur
spectre de masse à des bases de données et finalement réunis dans un tableau avant d’être
analysé. Lors de l’utilisation du système GC-MS en mode “full scan MS”, une étape
supplémentaire de déconvolution des spectres de masse est nécessaire afin de discriminer
les substances qui co-éluent. Différents programmes tels que AMDIS, XCMS, ou Meta-
lign sont disponibles pour pré-traiter les données de GC-MS. Toutefois, aucune de ces
approches ne permet de traiter les données depuis la détection des pics jusqu’à l’identifi-
cation des métabolites. Ce chapitre décrit le programme qui a été conçu pour manipuler
et pré-traiter semi-automatiquement les données métabolomique générées par GC-MS.
La méthode développée dans ce chapitre, appelée Metabolomics Oriented Pre-
processing (MOP), utilise dans un premier temps le programme AMDIS (Automated
Mass spectral Deconvolution and Identification System) pour la détection des pics, la
déconvolution des spectres de masse, la quantification et l’identification des métabolites
présent dans les échantillons. L’identification des substances présentes dans les échan-
tillons se fait par comparaison de leur spectre de masse aux bases de données NIST 05 et
Golm Metabolome Database (GMD) et permet de dériver des informations biochimiques
sur les organismes. Les résultats générés par AMDIS sont ensuite importés dans l’envi-
ronnement R afin d’aligner et grouper les substances qui co-éluent et dont les spectres de
masse sont similaires. L’alignement des pics chromatographiques se fait en deux étapes.
Dans un premier temps, les données de tous les échantillons sont regroupées dans le but
de générer un profil de densité de pics chromatographiques. Les données sont découpées
en zone de forte densité de pics, c’est-à-dire des zones dans lesquelles des pics sont trouvés
dans de nombreux échantillons. Dans chacune de ces zones, les spectres de masse des pics
sont comparés en calculant une matrice de distance basée sur la distance de Ružička. Les
substances présentant des spectres de masse similaire sont ensuite regroupées grâce à une
classification hiérarchique. Le seuil de découpage du dendrogramme, utilisé pour former les
groupes, est adapté en fonction des données après une étape de test. Pour chaque groupe,
le nom du pic qui a été identifié par AMDIS avec le meilleur match factor est attribué au
groupe. Finalement, un tableau est créé dans lequel sont résumés les informations relative
à chaque pic de chaque échantillon.
Les résultats de l’approche MOP ont été comparés aux résultats obtenus par un pré-
traitement manuel des données et ceux obtenus en utilisant les programmes XCMS et
Metalign. Le tableau pré-traité utilisé par Kluender et al. (2009) constitue le jeu de don-
nées pré-traité manuellement alors que les données brutes issues du même article ont été
utilisées afin de valider les résultats de la méthode MOP, de XCMS et Metalign. Les
résultats obtenus avec chaque méthode ont été analysés par des analyses en composante
principale (ACP) afin de révéler les motifs multivariés principaux. Ces différents motifs
ont été finalement comparés par des analyses de coinertie. Les analyses de coinertie ont
révélé que toutes les méthodes produisent des motifs multivariés très similaires et donc
sont capables de pré-traiter les données sans introduire de biais dans les résultats. Par
contre le nombre et le type de variables créés par chaque méthode diffère fortement. En
effet, XCMS et Metalign produisent entre 1108 et 16721 mass spectral tags, chaque tag
correspondant à une combinaison entre un fragment et un temps de rétention. Sur les
mêmes données, le pré-traitement manuel ainsi que la méthode MOP produisent entre
113 et 115 variables qui correspondent à des métabolites. Ces différences dans le nombre
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de variables sont considérés comme introduisant du bruit et de la col-linéarité dans les
données.
La méthode proposée dans ce chapitre, développée dans l’environnement libre R, per-
met d’effectuer rapidement un pré-traitement complet des données qui inclus notamment
l’identification des métabolites présent dans les échantillons par comparaison aux bases
de données NIST 05 et Golm Metabolome Database (GMD). En comparaison des autres
méthodes testées, la méthode MOP génère un tableau de données de qualité notamment
en réduisant la co-linéarité des variables et grâce à l’identification des métabolites permet
de dériver des informations sur la nature des changements métaboliques ayant lieu dans
les organismes.
3.2 Introduction
Metabolomics investigations involve analytical technologies such as NMR, LC-MS or GC-
MS that are used in high-throughput manner, i.e. to analyze a large amount of sam-
ples. As a consequence, high amounts of complex multidimensional data are generated
that need to be handled. Therefore, the handling of metabolomics results requires the
use of bioinformatics tools that semi-automatically prepare data for statistical analyses
(Sumner et al., 2003). Since all these technologies provide different types of information,
many methods and softwares have been developed to specifically handle these different
types of data (Katajamaa and Oresic, 2007).
GC-MS data are made of three types of information which are intensity or abundance,
retention time and mass-to-charge ratio (m/z). The intensity dimension describes the
intensity of both chromatographic peaks and mass fragments. Based on these signal in-
tensities, chromatographic peaks and mass spectrum of a compound will be detected and
discriminated from the noise recorded in the files. The retention time dimension describes
the time at which chromatographic peaks elute. Small shifts in retention time of chromato-
graphic peaks are known to occur during the analyses of a series of samples (Lisec et al.,
2006). These shifts in retention time must be corrected prior to the comparison of the
intensity of peaks between samples. The m/z dimension provides information on spectral
fragments. A compound can be tentatively identified based on the comparison of its mass
spectrum to mass spectral databases such as the NIST 051 or the Golm Metabolome
Database2 (GMD). However, when two compounds are co-eluting, i.e. eluting within a
very short time range, their mass spectra are not resolved. In a targeted approach, the
use of the select ion monitoring (SIM) mode on a GC enable the user to discriminate
co-eluting compounds using selected m/z values. However, in a non-targeted approach in
which GC is operated in full scan mode, it is necessary to make a deconvolution of the
mass spectra in order to resolve the signals coming from the co-eluting compounds. Thus,
in order to pre-process GC-MS data, it is necessary to use a tool that detects and aligns
chromatographic peaks across samples, deconvolutes mass spectra, eventually identifies
the compounds using mass spectral libraries. Such a program should finally merge all this
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Programs such as XCMS (Smith et al., 2006), Metalign (Lommen, 2009) or Tagfinder
(Luedemann et al., 2008) have been developed for metabolomics and can be used to pre-
process GC-MS files. These three programs perform detection, quantification and align-
ment of so called mass spectral features or tags. These mass spectral features represent
the ions generated by the electron impact ionization (EI) and are usually reported as one
or a list of masses, a retention time (RT) value or a retention index (RI) and an abun-
dance or intensity. Mass tags generated by Tagfinder can eventually be identified using
authenticated reference compounds or library of mass spectra and RI values.
IDalign3 and SpectConnect (Styczynski et al., 2007) are two softwares for metabol-
omics that can be used online. The interesting feature of SpectConnect is its capacity to
systematically detect interesting components even when identification cannot be achieved.
The subsequent advantages are (1) a higher potential for biomarkers discovery and (2) a
better quality of statistical analyses. The main drawback of this software resides in the
limitation of the use of an Internet connection to upload files.
The automated mass spectral deconvolution and identification system (AMDIS) is a
software that was developed for chemical weapon studies (Halket et al., 1999; Stein, 1999).
It adequately performs the detection, deconvolution and quantification of compounds as
well as identification of metabolites by library matching. But since it was not developed in
the context of metabolomics studies, it does not perform the alignment of chromatographic
peaks for more than two files.
Although softwares available for metabolomics studies have not been introduced here,
there is generally a lack of methods that allow quantification and alignment of chromato-
graphic peaks as well as tentative identification of the compounds. In this chapter, we pro-
pose a strategy developed in the statistical environment R (R Development Core Team,
2007) to handle data generated using a GC-MS based metabolomics approach. This
method called Metabolomics Oriented Pre-processing (MOP) uses results generated by
AMDIS to generate a data matrix of aligned compounds that can be statistically analyzed.
3.3 Material and methods
3.3.1 Description of the data set
We used the metabolomics data published by Kluender et al. (2009) to illustrate, test and
compare the result of the MOP method to other softwares.
In this experiment, changes of the metabolic profile of Scenedesmus vacuolatus oc-
curring during a 14 hours growth period were investigated. Specifically, these metabolic
changes were studied for algae grown under normal conditions and under exposure to 0.1
µmol L−1 of prometryn. Temporal changes of the metabolic profiles were investigated
after 0, 4, 6, 8, 10, 12 and 14 hours of growth. Twenty samples and two method blanks
were collected and analyzed using a GC-MS system. Hydrophilic and lipophilic extracts
were analyzed but we only used data extracted from the hydrophilic phase to demonstrate
the principle and the performances of our program. Further outcomes of this study are
reported in box 2.
3http://www.ce4csb.org/applications/idalign/idalign.html
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Manually pre-processed data were available from Kluender et al. (2009) and used as
reference for comparing the results provided by the different pre-processing methods
tested. After pre-processing of the raw data with each software, a PCA was carried
out to reveal the main multivariate pattern. Each multivariate pattern was compared to
the pattern obtained on manually pre-processed data (considered as the reference pat-
tern) by use of co-inertia analysis. This method searches for dimensions or axes which
maximize the covariance between two separated PCAs. Specifically, it calculates the RV
coefficient which is ranging from 0 to 1 and which is a measure of the global similarity
between the multivariate patterns. The closer it is to 1, the greater the global similarity
between the patterns.
3.3.2 Principle of the Metabolomics Oriented Pre-processing
The principle of the routine developed is illustrated in Fig. 3.1 and summarized by the 6
steps hereafter:
1. Data are exported from the GC-MS system to the “.cdf” format.
2. An optional baseline correction of the raw files can be performed using Metalign
(Lommen, 2009). We used the following parameters according to the documen-
tations provided with the program: Retention Begin (1), Retention End (10000),
Maximum Amplitude (100000000), peak slope Factor (0.5), peak threshold factor
(1), average peak width at half height (5).
3. The deconvolution and identification of chromatographic peaks were performed in
AMDIS (software vs. 2.62) (Halket et al., 1999; Stein, 1999). In order to check the
benefits obtained from baseline correction and to eventually account for incompat-
ibility between the Metalign and AMDIS softwares, two sets of files, the baseline
corrected files and the raw files, were processed. The parameters used for deconvo-
lution were: component width (12), adjacent peak subtraction (2), resolution (low),
sensitivity (very low), shape requirements (low). The following m/z values were
omitted: 0, 73, 74, 75, 147, 148, 149. Then, the identification of deconvoluted sig-
nals was performed via library matching using the NIST 05 and GMD (Kopka et al.,
2005) mass spectral databases.
4. “.ELU” and “.FIN” files generated by AMDIS were loaded into the statistical en-
vironment R (R Development Core Team, 2007). Filtering of data was done by
exclusion of signals with a purity lower than 10.
5. Retention times of the remaining signals were subsequently corrected in 4 steps.
(i) The density distribution of compounds along retention time was calculated. Local
minima of densities were computed to define the edges of several “time windows”.
(ii) For each time window, a mass spectra dissimilarity matrix was calculated using
the quantitative version of the Jaccard index called Ružička index. (iii) Hierarchical
clustering analyses using the ward agglomerative algorithm were then performed
for each dissimilarity matrix. Signals were grouped in the same cluster when they
belonged to branches of the dendrogram with height below 1.5. Each cluster was
considered as one chemical compound. An average retention time was calculated
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for each cluster and was attributed to each signal belonging to the cluster. Then,
the signal with the highest match factor and the compound name associated to
it determined the match factor and the name of the cluster. (iv) A fine tuning
alignment was performed for clusters having the same name. When the average
retention time of these two or more clusters were within a 6 seconds time frame,
these clusters were grouped together. Otherwise, these clusters were considered as
different compounds.
6. To clean data from signals coming from contamination, a comparison of method
blanks and samples was performed. The average intensity of each signal among
blanks and among samples was calculated. Each time the average signal intensity
of method blanks accounted for 50% of the average signal intensity of samples, the
given signal was removed.
Figure 3.1: Scheme of the Metabolomics Oriented Pre-processing (MOP) strategy. From
the data acquisition using a GC-MS system, data were exported (1) and submitted to
an optional baseline subtraction using Metalign (2). Then the raw or baseline subtracted
files were loaded into AMDIS to perform deconvolution and identification of the chro-
matographic peaks (3). Files were then subsequently loaded into the R environment
where signal filtration (4), retention time correction (5) and cleaning of files (6) was done.
A table containing pre-processed information was generated and submitted to statistical
analyses.
3.4 Results
The results obtained using the Metabolomics Oriented Pre-processing (MOP) are illus-
trated hereafter and validated after comparison to other procedures.
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3.4.1 Example of results produced by the MOP
The Fig. 3.1 summarizes the steps performed within the routine established. Steps 1 and
2 consisted in export of data and baseline subtraction.
In step 3, AMDIS was used for detection, deconvolution and identification of com-
pounds. An average of 183 and 226 compounds were found in the raw chromatograms of
the method blanks and the samples, respectively. In comparison, 371 and 450 compound
were found in average after baseline correction of chromatograms of the method blanks
and the samples, respectively.
In step 4, compounds deconvoluted by AMDIS and with a purity lower than 10 were
removed from the data set because their extracted mass spectra were considered as not
reliable. In our example, this represents an average of 7 signals removed per chromatogram
or a total of 163 signals removed out of the 4887 found in the 20 raw chromatograms of
the test data set. In the baseline corrected files, 466 signals were removed out of 9751,
for an average of 21 removed per chromatogram.
The subsequent retention time correction (step 5) is shown in Fig. 3.2 for a reduced
retention range (17 – 19 minutes) in order to illustrate its principle. The upper part of
the Fig. 3.2 represents overlaid chromatograms from the 20 samples. Variable intensities
of chromatographic peaks can be seen. The part below displays the peak density for the
same 17–19 minutes time frame. Each compound detected and deconvoluted by AMDIS is
represented by a tick mark on the x axis and the density of peaks is represented by a line.
The algorithm determined four local minima in the density distribution which defined
two “time window”. These two time windows are represented by grey areas surrounded
by dashed-lines in the range of 16.8–18.0 and 18.3–18.9 minutes, respectively. For each
time window, the Ružička index was computed to obtain mass spectra dissimilarities
followed by a hierarchical cluster analysis using the Ward agglomeration method. One
dendrogram was obtained for each time window and results are displayed in the bottom
part of the Fig. 3.2. By setting a cutting threshold for height to 1.5, 10 clusters symbolized
by rectangles were obtained for each window. This value of 1.5 should be adjusted for
each data set, but a value between 1.5 and 3 generally resulted in good clusters. The
global validity of the clustering was assessed by looking at few clusters composed of
well identified metabolites (match factor above 80). The threshold was increased when
similar metabolites were separated in two clusters and decreased when two groups of
different metabolites were overlapping. Each cluster was considered as one compound
and therefore, in our example, 20 compounds were characterized within the range of 17–
19 minutes. In the step 6, compounds coming from the method blank were removed from
the data set prior to statistical analysis. A total of 155 (52%) and 322 (51%) compounds
from the method blanks or compounds with a low purity were removed from the raw files
and the baseline corrected files pre-processed with the MOP, respectively.
3.4.2 Validation of the results produced by the MOP
Data obtained using the MOP have been compared to data manually pre-processed. Man-
ual alignment was performed based on apical retention times and mass spectral similar-
ities. It was followed by a cleaning step, where peaks coming from the method blanks
were excluded (Kluender et al., 2009). A peak was considered as coming from the blank
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Figure 3.2: Illustration of MOP results for a portion of chromatographic retention time in
the range 17 – 19 minutes. In the part A, total ion current (TIC) chromatograms of the 20
samples are overlaid. The part B exemplifies the density of compounds by a line along the
retention time. Each tick mark on the retention time axis represents the elution time of a
compound detected and deconvoluted by AMDIS. The two gray boxes represent the two
“time windows” with high chromatographic peaks density. The dendrograms obtained by
hierarchical clustering analyses for the time windows (17.5) and (18.5) are displayed in
part C and D, respectively. Each rectangle drawn around the branches of the dendrogram
corresponds to a chemical compound.
when its intensity accounted for more than 50% of the intensity found in a sample. Our
data were also compared to results obtained by XCMS (Smith et al., 2006). After an
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optimization procedure, the parameters of XCMS were set to 15 for the full width at half
maximum of matched filtration Gaussian model peak, 30 and 10 for the group bandwidth
in the first and second grouping step, respectively, 15 for the signal to noise cutoff and 0.5
for the maximum number of groups in a single m/z slice. Finally, our results were com-
pared to results from Metalign (Lommen, 2009). Parameters of Metalign have been set as
reported in step 2 of the MOP and as follow: Scaling and aligning data sets (no scaling),
begin of 1st Region (0,100) and End of 1st region (10000, 200), pre-align processing with
maximum shift per 100 Scans (35).
Amount and type of signals
The type of signals produced by the five methods differs. Manual pre-processing done
by (Kluender et al., 2009) and the pre-processing of data using MOP generated a ma-
trices with compounds intensities. In contrast, XCMS and Metalign produced matrices
of mass spectral features intensities. The number of signals produced by the different
pre-processing methods was highly different (Table 3.1). Manual pre-processing and the
MOP methods used on raw data recovered comparable amount of signals, i.e 113 and 115,
respectively. After baseline correction, the MOP returned 215 signals. XCMS and Metal-
ign generated 1108 and 16721 signals, respectively. Thus, the amount of data which must
be handled in statistical analyses can differ by two order of magnitude, if we compare for
instance Manual pre-processing and Metalign.
Multivariate metabolic patterns
For each pre-processed dataset, a principal component analysis (PCA) was performed
to reveal the multivariate metabolic patterns. Results of the PCAs are summarized in
Table 3.1 and illustrated in Fig. 3.3. There were differences in the percentage of informa-
tion carried out by the two first principal components of the PCAs. These percentages
ranged from 44% to 16% for the PC1 using XCMS or the MOP (baseline), respectively
and 19% and 13% for the PC2 using MOP (raw) or Metalign, respectively. The highest
total percentage of information is obtain when using XCMS (62%) followed by manual
pre-processing (44%), the MOP on raw data (42%), Metalign (33%) and the MOP on
baseline corrected files (31%).
The calculation of ratios of the total amount of information by the amount of signals
give a different perspective on the results. The highest ratio is obtained by manual pre-
processing (0.38), followed by the MOP (raw) (0.36), the MOP (baseline) (0.14), XCMS
(0.05) and Metalign (0.001). This means that most of the signals retrieve by the MOP
carry original information while using XCMS or Metalign the information is carried by
only few features. Therefore, in these later case, dataset are composed of many non
informative variables.
However, performances of all PCAs, in terms of pattern displayed by the two first com-
ponents were fairly similar. The first horizontal principal component described metabolic
changes occurring during the development period of the alga from 0 to 14 hours. The
second principal component discriminated vertically the control samples (lower part) from
the samples exposed to prometryn (upper part of the plot). Co-inertia analyses of the
different PCAs have been carried out to quantify similarities between these mutlivariate
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Table 3.1: Summary of dataset characteristics generated by five different
pre-processing strategies and the results of the subsequent PCAs
Pre-processing






Manual 113 28 16 Compounds
MOP (raw)b 115 23 19 Compounds
MOP (baseline)c 215 16 15 Compounds
XCMS 1108 44 18
Mass spectral
features
Metalign 16721 20 13
Mass spectral
features
a Percentage of information carried out by the respective Principal Components (PC)
b MOP used on raw data
c MOP used on data baseline corrected using Metalign
patterns. All methods produced a pattern highly similar to the one obtained with man-
ually pre-processed data, with RV coefficients between 0.903 and 0.953 (see Table 3.2).
XCMS produced the most dissimilar pattern with a RV coefficient of 0.807 when compared
to MOP (baseline). The similarity between Manual and MOP (raw) were slightly higher
(0.941) than the similarity between Manual and MOP (baseline) (0.903). Thus, the four
computer assisted pre-processing strategies were able to conserve the main information
stored in the original dataset and reflected by data pre-processed manually. Additionally,
the comparison of MOP (raw) and MOP (baseline) demonstrated that baseline correction
did not significantly improve the quality of the data but instead introduced non informa-
tive signals. Indeed, hundred more signals were used after correction of the baseline to
produce the same pattern in the PCA.
Table 3.2: RV coefficients of the co-inertia analyses carried out between the results
of different pre-processing strategies. A RV coefficient is a measure of the global
similarity between two multivariate patterns
Pre-processing Manual MOP (raw)a MOP (baseline)b XCMS Metalign
strategies
Manual – 0.941 0.903 0.910 0.953
MOP (raw)a – – 0.949 0.888 0.963
MOP (baseline)b – – – 0.807 0.963
XCMS – – – – 0.895
Metalign – – – – –
a MOP used on raw data
b MOP used on data baseline corrected using Metalign
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Figure 3.3: Scores plot of the five PCA carried out on data obtained using five pre-
processing strategies (i.e. manual, MOP on raw data, MOP on baseline corrected data,
XCMS and Metalign) on same original dataset. The triangles and circles represent control
and prometryn exposed samples, respectively. Samples are labeled by c (for controls)
or p (for prometryn exposed) followed by a number indicating the time (in hours) of
development of algae (i.e. c10: control sample harvested after 10 hours of growth).
3.5 Discussion
In this chapter, we presented the Metabolomics Oriented Pre-processing (MOP) method
that was developed to handle metabolomics data generated by GC-MS technology. The
principle of the method and the validity of the results compared to other programs are
discussed hereafter.
3.5.1 Rapidity & simplicity
Using the MOP, the full processing of data, from the export of raw GC-MS data until
statistical analyses (not included), can be performed within 2 hours. In comparison,
the manual processing of data required approximately one week of work. Thus, the
use a computer assisted method to pre-process data saves a significant amount of time.
Moreover, unlike manual procedure, the software will ensure a systematic treatment of the
data. Compared to XCMS, pre-processing data using the MOP method is significantly
slower. Using a computer equipped with a CPU 2 cores 2.40 GHz and 2GB of Ram,
XCMS needed approximately 20 minutes to finish the computations.
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GC-MS data are characterized by three dimensions, namely the retention time of
chromatographic peaks, the mass to charge ratios m/z and the intensity of signals. Non
systematic shifts of chromatographic peaks occur between samples when a compound is
present in different concentrations, as illustrated in Fig. 3.2 A. Indeed, for the peaks
eluting around 18.9 min, slight differences of the retention time at the maximum peak
intensity are found. However, mass spectral information remains consistent. Thus, an
alignment of chromatographic peaks is necessary and mass spectra can be used to dis-
criminate the peaks which shifted across runs. Given these technical characteristics, the
two following assumptions were made to develop the MOP: (i) real and similar chromato-
graphic peaks should elute within a restricted but variable time frame and (ii) within this
time window, metabolites could be discriminated based on their mass spectra.
The use of the density of chromatographic peaks along the time dimension enabled us
to split the time scale into a limited number of time windows. Then, for each time window,
dissimilarity indices between mass spectra were calculated. A subsequent hierarchical
clustering analyses built clusters of similar compounds coming from different samples.
Performing clustering analyses for different time windows was established to tackle two
problems. First, it prevents from grouping compounds which have similar mass spectra
but elute at different time. Moreover, computing a dissimilarity matrix and a hierarchical
clustering analysis on the whole dataset is too demanding in terms of computational
resources. The simple principle behind the MOP method produced reliable results, as
detailed hereafter.
3.5.2 Reliability
The reliability of the MOP results has been evaluated by comparison with the result
produced by other pre-processing methods. The main quality criteria used to evaluate the
results was based on the comparison of the multivariate patterns obtained by PCA. PCA
extracts and summarizes the main variability present in a dataset by creating principal
components (PC). After inspection of manually pre-processed data by PCA, a general
multivariate pattern was obtained on the scores plot. Temporal metabolic changes in algae
as well as deviation from normal metabolic trajectory under exposure to an herbicide were
reflected in the first and second principal components, respectively. Co-inertia analyses of
the patterns extracted from five different PCAs revealed a high similarity of the results.
Therefore, we can conclude that all methods performed equally well regarding to the
conservation of the principal information present in the original dataset.
However, the type and the amount of signals generated by each program differed.
Manual data pre-processing and the MOP method provided a matrix of tentatively iden-
tified compounds. In contrast, XCMS and Metalign generate “mass spectral features”
which cannot be linked to chemical identity.
Moreover, a great difference existed in the amount of signals produced by the different
methods. In comparison to the MOP method, ten to hundred times more signals were
handled when using XCMS or Metalign, respectively. This increase of amount of signals
induced changes either in collinearity of variables or changes in the amount of noise. The
increase of collinearity was illustrated by the results obtained using XCMS. The PCA
carried the maximum of information, i.e. 62%. In comparison, the PCA obtained after
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the use of MOP on raw data totalized 42% of information. However both pattern were
similar. Therefore, the increase in amount of information found for XCMS pre-processed
data was interpreted as a sign of higher collinearity within data.
Increase of noise in the data was characterized by an increase of the amount of signal
but no changes or even losses of information on the PCA. The dataset generated by
Metalign contained many more variables than the dataset produced by the MOP method
while the amount of information stored is lower than what is obtained using the MOP.
Thus, the baseline correction did not introduce bias in data but introduced noise. Indeed,
the hundreds more signals detected in baseline corrected files compared to raw files did
not carry more information but instead reduced the performance of the PCA.
Therefore, we conclude that the MOP provides a dataset with reduced noise and
reduced collinearity between the variables compared to the two others programs tested,
while providing information consistent with data obtained via manual pre-processing.
3.5.3 Strength & Limitations
The MOP method provides a matrix of compounds that are tentatively identified. Iden-
tification of compounds by library matching is a rapid and easy way to obtain hints on
the nature of metabolites present in a sample. First insights into the physiology of the
organisms and effects of toxicants can be derived although results should be handled with
care. The identity of the most interesting signals could subsequently be confirmed or
refined by analysis of standards.
The MOP has been developed in the R statistical environment. This environment
offers the advantage of being open and therefore may give the possibility for others re-
searchers to use and improve the program as well as integrate it within other projects
such as Bioconductor (http://www.bioconductor.org/). Moreover, the MOP generates
results which can be directly analyzed within R using multivariate statistics packages such
as ade4 and vegan.
The known limitations of AMDIS such as multiple detection of the same compound
may affect the results of the MOP. We introduced a filtration step in our routine to tackle
this problem. Indeed, when two or more peaks were detected in a very reduced time range
of one chromatogram and presented highly similar mass spectra, only the purest signal
detected was conserved. However, we observed that this filtering did not remove all these
false positive signals. Further improvements of the program may solve this problem in
the future.
3.6 Conclusions
A method was developed to handle data generated by GC-MS from export of raw files to
statistical analyzes. This routine provides a new opportunity for researchers in the field of
metabolomics to handle their data using the well established AMDIS software and process
them up to statistical analyses. This program can be used for metabolic fingerprinting
and profiling approaches.
53




PNA on the metabolome and the
phenotype of the chlorophyte
Scenedesmus vacuolatus
“The relationship between herbicide dose and plant response is of funda-
mental importance in understanding herbicide efficacy and mode of action.”
Seefeldt et al. (1995)
4.1 Résumé
En écotoxicologie, les observations du phénotype, telle que la croissance, sont souvent
utilisées pour estimer l’effet de substances toxiques sur les organismes. La mise en place
d’approches concentration-dépendantes permet d’estimer la toxicité des substances en
dérivant des valeurs seuils telles que ECX (par exemple EC50 de la croissance), LOEC ou
NOEC. Par ailleurs, l’étude des effets concentration-dépendants des substances toxiques
peut permettre de révéler différents mécanismes d’adaptation chez les organismes soumis
à un stress chimique. Aujourd’hui, les nouvelles technologies telle que la métabolomique
peuvent compléter les approches écotoxicologiques en fournissant des informations sur les
effets de substances toxiques au niveau biochimique. En effet, le métabolisme est reconnu
pour être réactif et dynamique et doit refléter l’état physiologique des organismes.
Toutefois, peu d’études utilisant la technologie métabolomique se sont intéressées aux
changements métaboliques qui dépendent de la concentration de toxique à laquelle les
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organismes sont exposés. Le but de ce chapitre a donc été de révéler le lien qui existe entre
une exposition à différents concentrations d’un toxique et les changements métaboliques et
phénotypiques qui en découlent. Le N -phenyl-2-naphthylamine (PNA) est un contaminant
trouvé dans le sédiment de la rivière Spittelwasser (Allemagne). Cette substance a une
importante phytotoxicité mais un mode d’action incertain. Le but de ce chapitre a donc
été de caractériser les changements métaboliques qui se déroulent chez le chlorophyte
Scenedesmus vacuolatus ainsi que les changements phénotypiques, dans le but d’étudier
la sensibilité de la métabolomique pour détecter des effets et de dériver une information
causale des effets induits par l’exposition au PNA.
Des cultures du chlorophyte S. vacuolatus, dont la croissance est synchronisée, ont été
préparées et soumises à un régime 14 :10 (lumière :obscurité). L’exposition au PNA s’est
déroulée durant les 14 heures d’illumination. L’expérience a été conduite de la manière
suivante : 4 populations contôle, 4 populations exposées au co-solvant (DMSO) et 12 po-
pulations exposées au PNA suivant une série de dilution (1 :2) dans l’intervalle 0.00089 –
1.824 µmol L−1. La croissance des cellules, la photosynthèse, l’autofluorescence et la vita-
lité des cellules ont été mesurées afin de caractériser l’état physiologique de l’organisme.
De plus, les profils métaboliques des extraits lipophiles et hydrophiles de S. vacuolatus ont
été détectés par un système d’analyse GC-MS afin de révéler les changement métaboliques
qui s’opèrent dans des algues soumise à un stress. Les données ont été pré-traitées avec
la routine MOP présenté dans le chapitre précédent.
La toxicité du PNA a été mise en évidence au delà de 0.921 µmol L−1. En effet, tous
les paramètres phénotypiques étaient clairement affectés, avec des pourcentages maximum
d’inhibition variant de 80 à 100L’analyse des profils métaboliques révèle que le PNA af-
fecte le métabolisme de S. vacuolatus dès une concentration de PNA de 0.00713 µmol
L−1. Le métabolisme est donc affecté à des concentrations pour lesquelles aucun effet n’a
pu être détecté au niveau du phénotype. L’analyse multivariée des profils métaboliques
a révélé quatre types de dynamiques métaboliques dépendant de la concentration à la-
quelle les algues ont été exposées. Un groupe de métabolites, qui comprend la plupart
des acides aminés, présente une abondance maximale lors d’une exposition aux trois plus
hautes concentrations de PNA. Ce résultat est interprété comme le résultat d’une lyse
des protéines stimulée par le besoin énergétique lié notamment à une inhibition de la
photosynthèse. Par ailleurs, des métabolites appartenant aux voies métaboliques énergé-
tiques, aux carbohydrates, aux acides gras, ainsi qu’aux cofacteurs et vitamines ont des
abondances plus hautes que celles observées dans les contrôles lorsque les algues étaient
exposées à des concentration de PNA entre 0.00713 et 0.228 µmol L−1. Ces résultats
témoignent potentiellement d’une redistribution de l’énergie ainsi que d’une réponse de
l’organisme à du stress oxidant provoqué par le PNA.
L’approche concentration-dépendante suivie dans cette étude a permis de démontrer
une grande sensibilité des profils métaboliques aux effets du PNA, la capacité de dé-
tecter différentes dynamiques concentration-dépendantes grâce aux analyses multivariées
et la combinaison de ces résultats aux observations phénotypique permet de distinguer
différents phases dans l’effet du PNA.
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4.2 Introduction
The establishment of concentration-response or dose-effect relationships is a key concept
in ecotoxicology and ecological risk assessment that was inherited from pharmacology and
toxicology (Nordberg et al., 1976; Truhaut, 1977). This approach relies on the principle
that a biological response to a chemical depends on its amount at the site of action that
is linked to the amount to which the organism is exposed.
Establishment of dose or concentration-effect relationships is for instance included
in the OECD guideline 201 for testing chemicals on freshwater alga and cyanobacteria,
adopted in 2006 (OECD, 2006). Concentration-responses approaches are required to
define ECx1, (e.g. EC50 of growth), LOEC2, NOEC3 values used as thresholds for toxicity
assessment. For instance, observation parameters such as growth, survival, reproduction
or photosynthesis are traditionally used to establish and model concentration-response
relationships in order to assess the effects of toxicants on organisms and predict effects at
untested exposure concentrations (Adler et al., 2007; Ankley et al., 2006).
Moreover, a deeper understanding of the cascade of physiological changes induced by
the exposure to a chemical can be derived from establishment of concentration-response
relationships. According to Depledge (1989), the increasing pressure that an organism
undergoes under exposure to an increasing gradient of concentration will result in differ-
ent responses as illustrated in Fig. 1.4. Under very low exposure concentrations, healthy
organisms react to the effect of a chemical through homeostatic adaptations. Above a
certain concentration, healthy organisms face stress. In order to adapt to this situation,
mechanisms of compensation will be activated to eventually return to a homeostatic sit-
uation. When stress created by the exposure to a toxicant increases above the limit of
compensation, disease will be manifested. This may lead to death if the stress is main-
tained but the organism may also return to a healthy state if the pressure is released
and stress repair mechanism are activated to restore compensatory responses. Since the
departure from normal physiological response (impairment scale) is more sensitive than
the consequence of this departure (disability scale), following physiological responses may
help to detect early warnings response and set new safety levels for pollutants.
Because it captures changes in physiology, metabolomics technology may be a relevant
tool to detect the effect of increasing chemical pressure on organisms and understand
these early warning responses. For instance, some studies already revealed concentration-
dependent metabolic changes in earthworms (Jones et al., 2008; McKelvie et al., 2009) or
in fish (Viant et al., 2006a,b) after exposure to environmental contaminants.
The aim of this chapter was to investigate the suitability of a concentration-response
approach to reveal the effect of toxicant at the level of metabolites. In particular, the
effects induced by the exposure to increasing concentrations of N -phenyl-2-naphthylamine
(PNA) on the metabolic fingerprints of the unicellular green alga Scenedesmus vacuolatus
have been studied. PNA is a sediment contaminant which was found to have a high phy-
totoxicity on chlorophytes (Altenburger et al., 2006; Brack et al., 1999). While its mode-
1concentration at which x% of effect is observed
2lowest observed effect concentration is the lowest concentration of chemical tested at which an effect
is observed
3no observed effect concentration is immediately below the LOEC
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of-action is still unclear, reactive effects on cellular compartments rich in membranes
(Adler et al., 2007; Altenburger et al., 2006) and oxidative stress (Qian et al., 2009) are
expected. Therefore, the metabolites changes detected by a GC-MS based metabolic
fingerprinting approach have been linked to well known phenotypic effects (i.e. photosyn-
thesis, growth) to derive a deeper understanding of the effect of PNA on S. vacuolatus.
4.3 Methods
A dilution series of PNA was prepared using a dilution factor (1:2) in presence of the
co-solvent dimethyl sulfoxide (DMSO). The nominal concentrations ranged from 0.00089
to 1.824 µmol L−1 and the final amount of DMSO did not exceed 0.1% of the total amount
of test solution.
After 14 hours of exposure to 12 different concentrations of PNA, four phenotypic
parameters were measured on synchronized cultures of the alga: cell volume, photosyn-
thesis, autofluorescence and fluorescein diacetate (FDA) incorporation. Cell volume was
measured to follow effects of PNA on growth of S. vacuolatus. Photosynthesis and aut-
ofluorescence reflect physiological changes in the organisms while FDA incorporation was
used to describe their vitality.
Four controls and four co-solvent controls were also prepared. The measurements
were performed as reported in Chapter 2. Autofluorescence and FDA incorporation were
measured on control populations as well as those exposed to 0.00713, 0.0285 and 0.114 to
1.824 µmol L−1 of PNA.
In parallel, metabolic fingerprints of the hydrophilic and lipophilic extracts were an-
alyzed using methodology reported in Chapter 2. The data from the sample exposed to
the concentration 0.114 µmol L−1 was discarded from the following analyses. Manual
inspection revealed anomalies in chromatograms of both phases arising from experimen-
tal errors. The final metabolomics data set consisted of 19 samples, with 4 controls, 4
co-solvent controls and 11 samples exposed to 11 different concentrations of PNA.
Concentration-response relationships of the phenotypic parameters were modeled using
a log-logistic model (see Chapter 2 for details). Metabolomics data were handled and
pre-processed using the Metabolomics Oriented Pre-processing (MOP) method presented
in Chapter 3. Metabolic fingerprints were analyzed by PCA in order to retrieve main
patterns related to the concentrations serie.
4.3.1 Preparation of Scenedesmus vacuolatus samples
1. Harvest and quenching: a variable volume of culture suspension was collected to
achieve the harvest of 10 µL algal biomass volume. To determine the volume of cell





with Culturevol the volume filtered, Biomassvol the biomass volume fixed to 10 µL,
Cellnumb the number of cells per mL and Cellvol the average cell volume in fL (10−9
µL). Cell number and volume were measured with the cell particle counter CASYII
58
4. Concentration-dependent effects of PNA on the metabolome and the phenotype of the
chlorophyte Scenedesmus vacuolatus
as introduced previously. The vacuum driven AS 310/3 three-place filtration system
with polycarbonate Isopore membrane filters (0.4 µm poresize; Millipore S.A.S.,
Molsheim, France) was used. The algae were washed twice with 20 mM NaCl
solution at room temperature. The cells were removed from the filter with 20 mM
NaCl solution, disposed in 80 mL glass tubes and centrifuged at 4000 g for 10 min
at 22◦C. The pellet was transferred into a 2 mL tube with screw cap. After a
centrifugation at 20000 g (Sigma 2 K15; Osterode, Germany), the supernatant was
discarded, the tube closed and plunged in liquid N2 for 10 minutes to quench the
metabolism. Tubes were then stored in the dark at −80◦C until further processing.
2. Freeze-drying: the tubes were opened and disposed in a Lyovac GT2 lyophilisator
(Finn Aqua GmbH; Hürth, Germany). The freeze-drying ran for 24 hours at −40◦C
and 0.2 mbar. The tubes were closed and stored in the dark at −80◦C until further
processing (maximum storage time of two months).
3. Metabolite extraction: 1 mL of a methanol, chloroform and 0.015% trifluoroacetic
acid in water (10:5:4, v/v/v) solution at 4 ◦C was added to each frozen sample as
well as 150 mg of glass beads (0.5 mm diameter; Carl Roth GmbH + Co, Karlsruhe,
Germany). Cell disruption was carried out for 15 min at 5 ◦C in the dark, using the
cell disruptor (Genie, Milian AG; Meyrin, Switzerland). The tubes were centrifuged
for 6 min at 20000 g and 5◦C. 0.9 mL of supernatant was transferred to a 10 mL
screw-top glass tube.
4. Liquid-liquid extraction: 0.8 mL of bidistilled water and 1.6 mL chloroform was
added to the sample extract followed by intense shaking for 20 s and centrifugation
for 10 min at 5000 g and 5 ◦C (Hettich; Tuttlingen, Germany). A three-phases
extract was obtained. 0.9 mL of the upper hydrophilic methanol/water extract and
1.5 mL of the lower lipophilic chloroform/methanol extract were transferred into
two different 3 mL reaction vials closed with screw cap and PTFE/red rubber septa
(Supelco; Bellefonte, USA).
5. Derivatization: Prior to derivatization, the hydrophilic and lipophilic metabolite
extracts were dried at 40 ◦C (Dri-block DB-3, Techne; Staffordshire, UK) under a
stream of nitrogen. Approximately 30 minutes and 120 minutes were necessary to
dry the hydrophilic and lipophilic extracts, respectively. The methoximation of
dried hydrophilic extracts was performed by incubation with 200 µL of MOX4 for
120 min at 80 ◦C. In parallel, dried lipophilic extracts were transmethylated by
incubation with 300 µL methanolic HCl for 240 min at 80 ◦C. Both hydrophilic and
lipophilic extracts were dried under a stream of nitrogen at 40 ◦C. The silylation
was performed by incubation of the sample extracts in 100 µL of MSTFA5 for 20
min at 90 ◦C. Prior to GC-MS analyses, silylated sample extracts were quickly
transferred into 2 mL brown glass GC-MS vials loaded with 100 µL glass insert.
42% methoxyamine hydrocholoride in pyridine
5N -methyl-N -(trimethylsilyl) trifluoroacetamide
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4.4 Results
4.4.1 Effect of PNA on the phenotype
Growth, photosynthesis, autofluorescence and FDA incorporation inhibition curves of S.
vacuolatus induced by exposure to PNA for 14 hours are illustrated in Fig. 4.1 while
model parameters are reported in Table 4.1.

















Figure 4.1: Log-logistic concentration-responses curves of the phenotypic parameters in-
hibitions under PNA exposure. Concentration-response inhibition models are displayed
by plain, dashed, dashed-dotted and dotted curves for cell growth (), photosynthetic
activity (◦), autofluorescence (N) and FDA incorporation (▽), respectively.
The EC50 values of the four phenotypic observation parameters studied ranged from
0.136 µmol L−1 for the most sensitive (FDA incorporation) to 0.41 µmol L−1 for the least
sensitive (photosynthesis). FDA incorporation is the only observation parameter reaching
100% of inhibition after 14 hours of exposure to 0.912 µmol L−1. Autofluorescence, growth
and photosynthesis reached a maximal inhibition of 84%, 80% and 82% at 0.912 µmol
L−1, 0.912 µmol L−1 and 1.824 µmol L−1, respectively.
4.4.2 Effects of PNA on the multivariate pattern of metabolic
fingerprints
In total, 516 compounds were detected in the metabolic fingerprints of the algae. However,
compounds found in method blanks that accounted for more than half of the signal
intensities found in S. vacuolatus samples were removed. Moreover, compounds which
were not present in more than 17 samples from the lipophilic extracts and 15 samples from
the hydrophilic extracts were considered as superflous and were subsequently removed.
After few trials, these two values were considered to conserve most part of the biological
information from the metabolic fingerprints. A final manual check of data was done
to remove the remaining compounds coming from contamination but not automatically
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filtered out. Finally, 242 metabolites were used for further analyses, with 94 metabolites
found in the hydrophilic extracts and 148 found in the lipophilic extracts.
A PCA of the metabolic fingerprints was carried out to extract the main trends from
the dataset (Fig. 4.2). The two first components of the PCA accounted for 68% of the
total information, with 47% and 21% of information carried out by the first and the second
principal components, respectively.
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Figure 4.2: PCA scores (A) and loadings (B) plots of metabolic fingerprints of S. vacuo-
latus obtained under exposure to different concentrations of PNA. Data are represented
along the first and second principal components. In A, each box represents a sample and
the label describe the treatment applied. In B, the bullets (•) and the numbers repre-
sent the metabolites detected in the metabolic fingerprints. Each number refers to one
metabolite listed in Table 4.2 while non listed metabolites are represented by a dot (•).
The PCA revealed three types of general metabolic responses to PNA exposure. First,
a compact group of samples located in the lower left part of the scores plot (A) was
composed of both control and co-solvent control samples as well as samples exposed to
the three lowest concentrations of PNA. A second group was composed of samples exposed
to medium PNA concentrations in the range 0.00713 – 0.228 µmol L−1. These samples
were scattered along the first axis of the PCA, on the right side of the plot. Inspection
of the loadings plot (B) showed that many of the metabolites found in these samples
had relatively higher levels than in control samples. A third compact group of samples
exposed to the three highest exposure concentrations (0.458, 0.912 and 1.824 µmol L−1)
was found in the upper left part of the scores plots. Metabolites situated in the upper
part of the loadings plot were found in higher levels at high exposure concentration than
in non-exposed samples.
61
4. Concentration-dependent effects of PNA on the metabolome and the phenotype of the
chlorophyte Scenedesmus vacuolatus
Table 4.1: Summary of the phenotypic and metabolic observation parameters measured







θ1 θ2 p adj. R
2
Phenotype
Cell volume Growth 0.334 0 80 6.65 0.89
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4.4.3 Concentration-dependent metabolite dynamics
After a global discrimination of metabolic patterns that characterized low, medium and
high PNA exposure concentrations, we studied the detailed concentration-dependent
metabolite dynamics and identified metabolites responding to PNA.
On the loadings plot of the two first principal components of a PCA, the variables
(metabolites) situated near the edge of the correlation circle can be considered as best
represented by the PCA. These variables are characterized by high absolute loadings values
on either the first, the second or both principal components of the PCA. In order to focus
on the metabolites that respond strongly to PNA exposure, we selected the metabolites
which are situated on the edge of the correlation circle, as illustrated in Fig. 4.4. First,
the euclidean distance from the coordinates on the PC1 and PC2 to the center (0,0) was
computed for each metabolite. Then, metabolites with a distance > 0.6 were conserved for
further analyses. This threshold was chosen arbitrarily to remove less informative signals.
Additionally, a discrimination of the previously selected metabolites was carried out on
the base of their coordinates on the loadings plot. The correlation circle was divided in
8 equal parts to create 8 groups of metabolites as illustrated in Fig. 4.3. However, only 4
groups of metabolites, labeled A, B, C and D, were conserved due to the limited number
of metabolites present in the 4 other groups.
Out of the 242 metabolites present, 197 were selected using this procedure, with 104,
35, 35 and 23 metabolites belonging to the group A, B, C and D, respectively. Among
these metabolites, 30% were well represented by both axes of the PCA (i.e. metabolites
of groups C and D). Among the 197 selected metabolites, 92 were tentatively identified
using mass spectra libraries (match factor > 85). 18 amino acids, 18 fatty acids, 8 organic
acids, 20 sugars and sugar phosphates as well as 2 xenobiotics were found and summarized
in the Table 4.2.
For each of the 4 groups, the average and standard deviation of the normalized metabo-
lite levels were calculated and plotted against the exposure concentrations of PNA. The
resulting concentration-dependent metabolic dynamics are represented in Fig. 4.4.
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Figure 4.3: Correlation circle of the PCA loadings along the first and second princi-
pal components. The small circle symbolizes the threshold distance of 0.6 above which
metabolites were selected. The 8 equal parts were used to classify the metabolites in dif-
ferent groups. Only 4 groups of metabolites were conserved and are represented by circles,
diamonds, squares and triangles and labeled with the letters A, B, C and D, respectively.
The dynamic A was characterized by an increase of the metabolite level at exposure
concentrations between 0.00713 and 0.228 µmol L−1 and a decrease to control level at
high exposure concentration (0.458, 0.912 and 1.824 µmol L−1). Among the metabolites
which belonged to A, amino acids (glycine, L-alanine, L-ornithine, L-proline and pyrog-
lutamic acid), saturated fatty acids (tetradecanoic acid (14:0), heptadecanoic acid (17:0),
eicosanoic acid (20:0), docosanoic acid (22:0)) as well as unsaturated fatty acids (linoleic
acid (18:2), α-linolenic acid (18:3), 11-eicosenoic acid(20:1), 4,7,10-hexadecatrienoic acid
(16:3)) were tentatively identified. Organic acids (α-ketoglutaric acid, citric acid, D-
citramalic acid, L-malic acid) and sugars or sugars phosphate (galactose, glucose, lyxose,
sucrose, trehalose, D-ribose 5-phosphate, glucose 6-phosphate) also followed the dynamic
A.
The metabolites from the dynamic B presented increased levels at the three highest
exposure concentrations. In this group, 9 amino acids (β-alanine, L-aspartic acid, L-
isoleucine, L-leucine, L-methionine, L-serine, L-threonine, L-tryptophan, L-valine), 1 fatty
acid (11,14,17-eicosatrienoic acid), 5 sugars derivatives (fucose, glucose, myo-inositol, D-
myo-inositol 1, 2, 4, 5, 6-pentakisphosphate), 2 organic acids (pantothenic acid derivative
and the threonic acid) and the L-arabonolactone were found. Moreover, PNA belonged
to this group.
The dynamic C represented metabolites with a constantly increasing level from 0.00713
to 1.824 µmol L−1 PNA concentrations. In this group, we tentatively identified 4 amino
acids (L-arginine, L-lysine, L-tyrosine, L-phenylalanine), the fatty acids pentadecanoic
acid (15:0) and tetracosanoic acid (24:0) as well as α-tocopherol and L-arabonolactone.
Finally, the dynamic D was characterized by increased metabolites levels at medium
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4 D: 23 metabolites
Figure 4.4: Concentration-dependent metabolic responses to PNA exposure. Mean values
and standard deviation of normalized metabolite levels are represented for the 4 groups
conserved. 104, 35, 35 and 23 metabolites belonged to the dynamic A, B, C and D,
respectively. The grey area represents the standard deviation around the average control
metabolite level.
concentrations (0.00713 – 0.228µmol L−1) and a decrease below the control level at high
exposure concentrations (0.458 – 1.824 µmol L−1). We found 4 fatty acids (palmitic
acid (16:0), stearic acid (18:0), oleic acid (18:1), 7,10,13-hexadecatrienoic acid (16:3)), 3
organic acids (fumaric acid, maleic acid, succinic acid), sugars (talose, 1,6-anhydroglucose,
fructose) and gluconolactone in the group D.
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Table 4.2: Metabolites following the dynamics A, B, C or D and identified using mass
spectral libraries at a match factor > 85.
N◦ RT1 MF2 Compound Name3 Kegg4 Group5 Dyn.6 Ext.7
1 6.5 93 Glycine C00037 AA A H
2 6.9 94 L-proline C00148 AA A H
3 7.4 94 L-alanine C00041 AA A H
4 13.8 95 Pyroglutamic acid C01879 AA A H
5 17 89 L-ornithine C00077 AA A H
6 22.3 85 Putrescine [1] C00134 DA A L
7 25.4 93 Tetradecanoic acid; 14:0 C06424 FA(S) A L
8 32 94 Heptadecanoic acid; 17:0 FA(S) A L
9 32 90 2-hexyl-cyclopropaneoctanoic acid FA(S) A L
10 37 93 Eicosanoic acid; 20:0 C06425 FA(S) A L
11 41 88 Docosanoic acid; 22:0 C08281 FA(S) A L
12 29.6 87 4,7,10-Hexadecatrienoic acid; 16:3 FA(U) A L
14 34 90 Linoleic acid; 18:2 C01595 FA(U) A L
13 34 91 α-Linolenic acid [1]; 18:3 C06427 FA(U) A L
15 35 93 α-Linolenic acid [2]; 18:3 C06427 FA(U) A L
16 37 92 11-Eicosenoic acid; 20:1 C16526 FA(U) A L
17 46 87 Hexacosanol C08381 FO A L
18 49 93 Octacosanol C08387 FO A L
19 24.3 93 Phosphoric acid deriv. IA A L
20 25.2 97 Phosphoric acid deriv. [2] IA A L
21 10.4 87 D-citramalic acid C02612 OA A H
22 10.9 97 L-malic acid C00149 OA A H
23 14.6 90 α-Ketoglutaric acid C00026 OA A H
24 18.1 96 Citric acid C00158 OA A H
25 18.3 93 Galactose [1] C00124 SR A H
26 23.1 85 Lyxose C00476 SR A L
27 25.8 91 Glucose C00267 SR A L
28 26 91 Galactose [2] C00124 SR A L
29 27 91 Galactose [3] C00124 SR A L
30 31.3 95 Sucrose C00089 SR A H
31 33 86 Galactose [4] C00124 SR A L
33 33 91 2-O-Glycerol-α-d-galactopyranoside [1] SR A H
32 33 94 Trehalose C01083 SR A L
34 35 85 Galactose [5] C00124 SR A L
35 35 89 2-O-Glycerol-α-d-galactopyranoside [2] SR A L
36 24 86 D-Ribose 5-phosphate C00117 SRP A H
37 27.5 94 Glucose 6-phosphate [1] C00092 SRP A H
38 27.8 94 Glucose 6-phosphate [2] C00092 SRP A H
39 52 92 Sterol deriv C00370 ST A L
40 25.1 87 5-methyl-3-phenyl-isoxazole A L
41 29 85 3,5-Diamino-1,2,4-triazole A L
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Table 4.2: (continued)
N◦ RT1 MF2 Compound Names3 Kegg4 Group5 Dyn.6 Ext.7
42 5.1 94 L-valine C00183 AA B H
43 5.9 94 L-leucine C00123 AA B H
44 6.3 96 L-isoleucine C00407 AA B H
45 7.5 95 L-serine C00065 AA B H
46 7.9 94 L-threonine C00188 AA B H
47 8.9 93 β-alanine C00099 AA B H
48 11.6 96 L-aspartic acid C00049 AA B H
49 12.3 94 L-methionine C00073 AA B H
50 14.9 93 L-phenylalanine C00079 AA C H
51 18.7 87 L-arginine C00062 AA C H
52 19.3 89 L-lysine C00047 AA C H
53 21.3 94 L-lyrosine C00082 AA C H
54 27.9 95 L-tryptophan C00078 AA B H
55 27.6 90 Pentadecanoic acid; 15:0 C16537 FA(S) C L
56 44 92 Tetracosanoic acid; 24:0 C08320 FA(S) C L
57 46 89 2-hydroxy-tetracosanoic acid FA(S) C L
58 38 86 11,14,17-Eicosatrienoic acid; 20:3 C16522 FA(U) B L
59 11.8 93 Threonic acid C01620 OA B H
60 22.4 89 Pantothenic acid deriv. C00864 OA B H
61 9.7 90 2(3H)-Furanone C17602 SR B H
62 10.6 91 Arabino-Hexos-2-ulose SR B H
63 15.3 91 L-arabonolactone [1] C01114 SR B H
64 17.3 86 L-arabonolactone [2] C01114 SR C H
65 20.5 90 Fucose C01019 SR B L
66 21.6 94 Myo-Inositol C00137 SR B H
67 26.5 90 2-O-Glycerol-α-d-galactopyranoside [3] SR C H
68 27.1 93 Glucose C00267 SR B L
69 28.4 90 Myo-Inositol
1,2,4,5,6-pentakisphosphate
C04563 SRP B H
70 50 89 α-Tocopherol C02477 TP C L
71 12.5 91 Aniline C00292 XB B L
72 41 94 N-phenyl-2-naphthalenamine XB B L
73 14.8 85 N,N’-ditrifluoroacetyl-1,2-ethandimine B L
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Table 4.2: (continued)
N◦ RT1 MF2 Compound Name3 Kegg4 Group5 Dyn.6 Ext.7
76 14.4 94 Putrescine [2] C00134 DA D H
77 29.8 95 Palmitic acid [1]; 16:0 C00249 FA(S) D L
78 31.2 94 Palmitic acid [2]; 16:0 C00249 FA(S) D L
79 35 91 Stearic acid; 18:0 C01530 FA(S) D L
80 30.1 90 7,10,13-Hexadecatrienoic acid; 16:3 FA(U) D L
81 34 97 Oleic acid; 18:1 C00712 FA(U) D L
82 38 85 13-Octadecenoic acid FA(U) D L
83 16.4 92 Phosphoric acid deriv. [3] IA D H
84 17.3 96 Phosphoric acid deriv. [4] IA D H
85 7.8 95 Succinic acid C00042 OA D H
86 8 86 Fumaric acid C00122 OA D H
87 8.1 94 Maleic acid C01384 OA D H
88 16.3 87 1,6-Anhydroglucose SR D H
89 17.8 93 Fructose [1] C00095 SR D H
90 18 94 Fructose [2] C00095 SR D H
91 20.5 93 Gluconolactone C00198 SR D H
92 26.6 95 Talose C06467 SR D L
1 Retention Time (RT)
2 Best Match Factor (MF) found when compared to NIST and Golm Metabolome Database
3 Names of best match returned by NIST and Golm Metabolome Database, shortened for clarity
purpose and followed by the occurrence number, i.e. [2] when the compound appears for the
second time
4 Entry used in KEGG
5 Chemical groups of compounds: AA = Amino Acid; DA = Diamine; FA(S) = Fatty Acid
Saturated; FA(U) = Fatty Acid Unsaturated; FO = Fatty Alcohol; IA = Inorganic Acid; OA =
Organic Acid; SR = Sugar; SRP = Sugar Phosphate; ST = Sterol; XB = Xenobiotic
6 Concentration-response dynamics linked to PNA exposure
7 Hydrophilic (H) or lipophilic (L) extracts in which metabolites were found
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4.5 Discussion
The aim of this study was to reveal concentration depend changes induced by exposure
to N -phenyl-2-naphthylamine (PNA) in populations of Scenedesmus vacuolatus. For that
purpose, metabolic variations detected using a GC-MS based metabolomics approach were
anchored to phenotypic changes measured on established observation parameters such as
growth, photosynthesis, autofluorescence and cell vitality.
4.5.1 Concentration-response approach
The experiment was designed to examine changes induced by PNA for a wide range of
exposure concentrations, as usually performed in ecotoxicology (Truhaut, 1977). The
concentration-response approach was combined with a GC-MS-based metabolomics ap-
proach in order to characterize the physiological changes that occur in S. vacuolatus under
increasing concentration of PNA. This approach may be sensitive to biological variability
due to a limited number of replicates tested. This problem was tackled by using clonal
populations of S. vacuolatus which showed one of the lowest biological variability reported
in metabolomics studies (Kluender et al., 2009).
The concentration-response approach is based on the principle that the biological
response to a chemical depends on the amount of the chemical present in the site of action.
PNA was detected in the metabolic fingerprints of algae exposed to the three highest
concentrations. The washing steps accomplished during sample preparation minimize the
chances that the PNA detected came from the culture medium. Therefore, this result
may suggest that PNA entered the organism and thus consider that the exposure to the
toxicant was effective. Below an exposure concentration of 0.228 µmol L−1, PNA was not
detected. Since clear metabolic changes have been detected below 0.228 µmol L−1, we
deduced that PNA was present but not detected certainly because of the detection limits
of the instrument.
Depledge (1989) presented a scheme in which impairment of physiology is linked to dis-
ability (health) on organisms (see Fig. 1.4) and underlined that physiological responses
are more sensitive to toxicant effect than changes in health. Therefore, it is possible
to detect early responses to chemicals using physiological responses. Additionally, the
study of increasing pressure exerted by a toxicant allow the distinction between different
types of biological responses, namely homeostasis, compensation and non-compensation.
Metabolic responses directly reflected processes in the impairment scale while the phe-
notypic parameters observed in the present study represented indirectly the responses in
the disability scale.
Concentration-response approaches were already used in several metabolomics stud-
ies to investigate for instance subcytotoxic and cytotoxic alterations of metabolites and
demonstrated a higher sensitivity of metabolic changes to methyl mercury chloride expo-
sure than phenotypic observations (van Vliet et al., 2008). Metabolomics studies usually
test between 3 and 6 exposure concentrations (Jones et al., 2008; Viant et al., 2006a,b).
In comparison, we tested a higher number of exposure concentrations in order to follow
the gradual changes that occur in the metabolome of S. vacuolatus under increasing PNA
exposure and were able to characterize the different effects occurring on the physiology
(impairment scale). These points are discussed in the following parts.
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4.5.2 Linking effects on the algal metabolome to phenotypic ob-
servations
Phenotypic anchoring & concentration-response
In order to interpret the metabolic changes associated to the PNA concentration gra-
dient, metabolomics results were anchored to the phenotypic observation parameters.
In this experiment, metabolomics showed a higher sensitivity to detect effects of PNA
on S. vacuolatus than the four phenotypic parameters observed. This higher sensitivity
was already demonstrated (Viant et al., 2005) and can be partly explained by the high
number of measurements performed during metabolites analyses compared to traditional
methods. These results are also in line with the comments from Depledge (1989) that
physiological responses are more sensitive than disability or phenotypic responses. These
sensitive metabolic changes were supported by most of the metabolites detected. Indeed,
162 metabolites were found to react at PNA concentration for which no phenotypic change
was observed. This result suggests that PNA exposure induced major physiological mod-
ifications at exposure concentrations that did not affect the observed phenotype of the
organisms.
Concentration-dependent responses of phenotypic observations
Toxicity of PNA was revealed when S. vacuolatus was exposed for 14 hours to high con-
centrations. Indeed, cellular growth, photosynthesis, autofluorescence and cell vitality
were all clearly affected at the three highest exposure concentrations. EC50 estimated
for cellular growth gave values of 0.333 µmol L−1, which is in accordance with literature
values (Altenburger et al., 2006). A 24 hours bioassay, reported an EC50 of cell repro-
duction inhibition of 0.15 µmol L−1 (Altenburger et al., 2006). Thus, effects on growth,
photosynthesis, autofluorescence and cell vitality at high exposure concentrations may be
followed by effects on reproduction. In other words, PNA does not solely impact essential
physiological functions of S. vacuolatus cells such as photosynthesis, but it affects their
development and results in effects on populations growth dynamics. Therefore, PNA was
considered to be toxic for algae at high exposure concentrations.
Changes in cell vitality (EC50 0.136 µmol L−1) and autofluorescence (EC50 0.139
µmol L−1) were detected at exposure concentrations for which photosynthesis and growth
were not affected. Therefore, photosynthesis and growth may not be the first biological
processes targeted by PNA. Instead, PNA seems to affect the integrity of membranes and
the capacity to perform photosynthesis, as reflected by changes in FDA incorporation
(Krasnow et al., 2008) and by inhibition of autofluorescence. This is in agreement with
the finding of Altenburger et al. (2006) who proposed a reactive toxicity for PNA, mainly
affecting membrane rich cellular compartments such as chloroplasts in an irreversible and
cumulative manner.
Concentration-dependent metabolic changes
A PCA was carried out to summarize the main information of the metabolic profiles on
the two first principal components. These two components reflected the metabolic trends
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associated to the increased exposure to PNA. Similar analyses have been carried out to re-
veal developmental metabolic trajectories and adverse effects of toxicants (McKelvie et al.,
2009; Viant et al., 2005). Viant et al. (2005) combined the scores of the samples on the
two first principal components of the PCA to generate one variable which was plotted
against a concentration gradient of trichloroethylene. Kluender et al. (2009) selected sev-
eral interesting metabolites based on their position on the loadings plot and displayed the
raw data against a time gradient. In the present experiment, the data inspection revealed
that an important amount of metabolites was not well represented solely by one principal
component while some metabolites changes were not associated to the PNA exposure and
thus could be removed. Our distinction between variables strongly associated with only
one principal component and those being associated with both resulted in four types of
distinct metabolic dynamic reflecting the concentration-dependent changes occurring in
the metabolome of Scenedesmus vacuolatus under exposure to PNA.
The GC-MS based metabolomics approach detected physiological changes in a wider
range of exposure concentrations (0.00713 – 1.824 µmol L−1) than what phenotypic mea-
surements allowed (0.136 – 1.824 µmol L−1). By testing several PNA concentrations, we
were able to estimate more accurately the concentration at which no effects on organism
should be expected. We suggest that no effects on S. vacuolatus will occur at concentra-
tions below 0.00713 µmol of PNA per liter PNA since no metabolic changes were detected
below this concentration.
4.5.3 Effects of PNA on S. vacuolatus
Metabolic markers of stress induced by PNA
The metabolic dynamic A represents metabolites which were found in a relatively higher
level than in controls, at medium exposure concentrations. Among the metabolites ten-
tatively identified, we found 5 amino acids, i.e. Glycine, Alanine, Proline, Ornithine and
Pyroglutamic acid. While alanine was presented as a universal stress signal both in an-
imal and plants (Ben-Izhak Monselise et al., 2003), proline often tends to accumulate in
plants in response to stress (Delauney and Verma, 1993) and is an important precursor
of cell wall proteins (Showalter, 1993). Pyroglutamic acid participates in the glutathione
metabolism, which is involved in adaptation to oxidative stress.
Most of the tentatively identified fatty acids such as 4,7,10-Hexadecatrienoic acid
(16:3), the α-linolenic acid (18:3) or linoleic acid (18:2) also belonged to the group A.
The thylakoid membrane of the chloroplasts, where the photosynthetic electron transport
occurs, is known to be rich in lipids made of unsaturated fatty acids such as the 18:3
(Yaeno et al., 2004). 18:3 and 18:2 fatty acids also tend to be affected by lipid peroxidation
under oxidative stress (Fuerst and Norman, 1991).
The citric acid, α-ketoglutarate and malate were also found in group A. They all belong
to the tricarboxylic acid cycle (TCA) which is the main source of metabolic energy and
which was shown to play an important role in modulating the redox state of cells, notably
through the powerful antioxidant properties of α-ketoglutarate (Mailloux et al., 2007).
All metabolites belonging to the group A are related to membranes processes, re-
sponse to oxidative stress and energy metabolism. Therefore, the increased level of these
metabolites was interpreted as a mobilization of energy reflected by higher levels of lipids
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and sugars, to compensate the stress induced by PNA on membranes and on redox status
of S. vacuolatus. These finding are supported by the fact that PNA was expected to
affect membrane rich compartments of the cell, for instance chloroplasts and mitochon-
dria (Adler et al., 2007; Altenburger et al., 2006) and induce oxidative stress (Qian et al.,
2009).
Metabolic markers of PNA toxicity
The metabolites found in the dynamic B had their level increasing only at the three highest
PNA exposure concentrations. These metabolic changes were correlated with effects of
PNA at the phenotypic level. Therefore, these metabolites are markers of toxicity of PNA
on S. vacuolatus.
Almost half of the metabolites tentatively identified were amino acids. For instance,
aspartic acid was found in this group. Kluender et al. (2009) proposed aspartic acid as
potential early marker of prometryn toxicity since they were able to detect increased levels
already after 4 hours of exposure of S. vacuolatus. Under exposure to PNA, we were able
to detect aspartic acid in the dynamic B, which represents the fraction of metabolites
that reacts at toxic doses. Therefore, aspartic acid may be a general indicator of toxicity
found in S. vacuolatus.
The cellular volume reached by cells after 14 hours of exposure to the three highest
PNA concentrations corresponded to the volume reached under controlled conditions after
6, 4 and 4 hours respectively. Thus, one may suppose that at high concentrations, PNA
mainly delays growth. Under normal condition, the level of most of amino acids is maximal
after 14 hours of growth (Kluender et al., 2009; Moebus-Faust, 1994). In our experiment,
the highest levels of amino acids were found at the highest PNA exposure concentrations.
So, after growth under exposure to toxic concentrations of PNA, S. vacuolatus cells have
the aspect of young cells but have a different metabolic fingerprints. Therefore, PNA does
not affect S. vacuolatus by retarding its growth. Instead, photosynthesis inhibition was
associated to minimal levels of TCA cycle intermediates, decrease of fatty acids levels and
sugars and was interpreted as an indicator of shortage of energy resources. The increase of
amino acids levels was interpreted as an indicator of protein breakdown that may provide
energy to the cells. Similar metabolic changes have been observed in earthworms under
exposure to pyrene in reaction to shortage of resources (Jones et al., 2008).
Early markers of PNA toxicity
The dynamic C represents metabolites which were found at high level from medium to high
concentrations of PNA. Four amino acids, phenylalanine, arginine, lysine and tyrosine be-
long to this group. The aromatic amino acid tyrosine and phenylalanine were found to be
involved in secondary defense of potato plants after pathogen infection (Abu-Nada et al.,
2007) while lysine was described, together with Glycine, as markers of “late-observable
effects” after 14 hours of exposure of S. vacuolatus to prometryn (Kluender et al., 2009).
We observed an increase of α-tocopherol levels in the chlorophyte, correlated with the
increase of PNA exposure concentration. Since α-tocopherol is well-known antioxidant,
its level increase may indicate an increase of oxidative stress and would confirm the effect
of PNA suggested by Qian et al. (2009) and thus represent a response of the organism
71
4. Concentration-dependent effects of PNA on the metabolome and the phenotype of the
chlorophyte Scenedesmus vacuolatus
to compensate the effect of PNA. The metabolites belonging to the dynamic C were
considered as early markers of toxicity since changes observed at sub-toxic (medium)
concentrations were more pronounced at toxic (high) exposure concentrations.
Finally, Kluender et al. (2009) studied the effect of a PSII inhibitor on the growth
and metabolic profile of S. vacuolatus. In this study, the increase of cell volume was
clearly inhibited at prometryn concentrations of 0.1 µmol L−1, inhibition starting already
after 4 hours following exposure. Based on the cell volume it can be concluded that
prometryn was used at a toxic level comparable to our three highest concentrations.
However, metabolic profiles of S. vacuolatus after 14 hours of growth under toxicant
exposure differed between prometryn and PNA. Thus, based on the metabolic information,
PNA can be excluded as a PSII inhibitor.
4.6 Conclusions
The aim of this study was to investigate the concentration-dependent metabolic changes
induced by PNA exposure and link them to effects on the phenotype. A GC-MS based
metabolomics approach was used to reveal the metabolic profiles of Scenedesmus vacuo-
latus.
The use of metabolomics within a concentration-response approach confirmed the high
sensitivity of metabolomics to detect toxicant-induced changes. Changes of metabolites
levels induced by the exposure to PNA were detected at concentrations for which no
phenotypic effect could be observed and followed non-linear and non-monotonic responses.
Additionally, metabolomics detected toxicant-induced effects on a wider range of exposure
concentrations. Furthermore, the extended range of concentrations tested coupled to
the metabolites measurements allowed the discrimination of two different phases in the
physiological acclimation to stress. Most of the metabolites detected reacted at sub-
toxic exposure concentrations. It was therefore deduced that a major disturbance in the
metabolome is induced by PNA at exposure concentrations where no effect on phenotype
was observed.
The high sensitivity of metabolomics and its capacity to detect effects of toxicants for
a wide range of exposure concentrations are particularly interesting features which should
be considered as a first step to screen the effects of toxicants. In a second phase, effects
would need to be confirmed by replication of the most interesting concentrations to add
more statistical significance to the results.
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Chapter 5
Establishing a GC-MS based
metabolomics approach for the study
of periphyton communities
“Periphyton communities are solar-powered biogeochemical reactors, biogenic
habitats, hydraulic roughness elements, early warning systems for environ-
mental degradation, and troves of biodiversity.” Larned (2010)
5.1 Résumé
Le périphyton est une communauté de microorganismes qui joue un rôle clé dans le fonc-
tionnement des rivières et est reconnu comme un outil pertinent de bio-surveillance des
effets des substances toxiques. Un large éventail d’approches a été déjà utilisé pour étu-
dier ces communautés, notamment des approches de génomiques. Bien que la technologie
métabolomique ait démontré un fort potentiel pour détecter des changement induits par
différents types de stresseurs dans des organismes et qu’un important effort de recherche
s’est porté sur les micro-organismes, aucune approche utilisant la technologie métabolo-
mique pour étudier le périphyton n’a été reportée à ce jour. Un telle approche pourrait,
par exemple, permettre d’étudier l’effet de substances toxiques sur ces communautés et
suivre la cascade de changements moléculaires qui conduisent à une réorganisation de leur
structure. Ce chapitre décrit donc les résultats d’une étude des empreintes métaboliques
des communautés de périphyton basée sur l’utilisation de la technologie GC-MS.
Le premier but a été d’établir une approche expérimentale qui permet de caractériser
les empreintes métaboliques du périphyton. Le protocole a été optimisé pour minimiser le
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temps nécessaire pour l’échantillonage du périphyton et ainsi réduire le stress subit par les
organismes lors des manipulations. Le métabolisme est rapidement stoppé en plongeant les
échantillons, préalablement disposés dans des boîtes en plastique, dans de l’azote liquide.
La séparation du périphyton de son substrat de croissance (i.e. des lames de verres) ne s’est
fait qu’après la lyophilisation des échantillons afin d’éviter des réactions enzymatiques en
réponse au grattage. La quantité de biomasse nécessaire pour obtenir de bonnes empreintes
métaboliques a été optimisée et normalisée 30 mg (poids sec) afin de détecter le plus
de composés possible toute en évitant de surcharger les pics chromatographiques. Le
protocole d’extraction et d’analyse des métabolites a été modifié d’après le protocole
utilisé au chapitre 4 pour l’étude de Scenedesmus vacuolatus et la reproductibilité de la
méthode a été évaluée. Les extraits lipophiles et hydrophiles ont été analysés séparément
par GC-MS et les résultats on été pré-traités par la méthode MOP présentée au Chapitre
3. La variabilité expérimentale introduite par la préparation et l’analyse de l’intensité
du standard ribitol (CV 8%) est comparable aux résultats trouvés dans la littérature.
Par contre, la reproductibilité des abondances des métabolites est légèrement inférieure
au données reportées dans la littérature, avec notamment une moyenne des CV plus
haute pour les extraits métaboliques lipophiles qu’hydrophiles. Enfin, une plus grande
variabilité entre les réplicats a été trouvée dans l’analyse des métabolites du péripyton et
peut s’expliquer par la plus grande complexité de la matrice biologique utilisée comparé
aux études antérieures.
Par ailleurs, l’influence relative de facteurs tels que les différences expérimentales, l’en-
vironnement de croissance des communautés ainsi que l’effet d’une courte exposition à
un toxique, sur les empreintes métaboliques du périphyton ont été quantifiés. Pour cela,
trois communautés de périphyton, cultivées pendant 8 semaines, ont été utilisées. Une
communauté a été cultivée dans une mare artificielle extérieure. Deux communautés ont
été cultivées à des périodes différentes dans des microcosmes de 15 litres. Le première
communauté, déjà utilisée pour optimiser la biomasse, a été utilisée pour tester les dif-
férences expérimentales sur les empreintes métaboliques induites par des changement de
quantité de biomasse. La deuxième communauté a été échantillonnée après avoir été ex-
posée durant 0, 1, 3 et 5 heures à 50 µg de prometryn par litre. L’origine du périphyton a
une grande influence sur les empreintes métaboliques. Les différences métaboliques obser-
vées entre communautés qui se sont développées dans des lieux différents sont associées
à des différences de structure des communautés. En effet, une plus grande proportion de
cyanophycées et une plus petite proportion de diatomées a été trouvé dans la commu-
nauté cultivée dans la mare extérieure comparée à celles cultivées dans des microcosmes
en laboratoire. Par ailleurs, ces différence métaboliques associées à différentes conditions
de développement ne sont pas sensibles à des petites variations de biomasse ce qui suggère
une bonne robustesse de l’approche aux variations expérimentales. L’effet d’une courte
exposition du périphyton à la prometryn (50 µmol L−1) s’est accompagné d’un change-
ment de l’empreinte métabolique de la communauté. En particulier, l’analyse multivariée
révèle un diminution de l’intensité de la plupart des métabolites après une, trois et cinq
heures d’exposition. L’effet induit par la prometryn au niveau des métabolites et reflété
par des variations de la photosynthèse, se révèle toutefois être faible en comparaison
des différences existant entre communautés ayant différentes structures. Les adaptations
physiologiques du périphyton au stress induit par un toxique doivent donc être étudiées
pour des communautés qui se sont développées dans des conditions similaires ou ayant
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des structures similaires. Dans le cas contraire, il est possible que ces réponses soient
masquées par l’effet de l’environnement sur les empreintes métaboliques.
Dans ce chapitre, un approche métabolomique, basée sur l’utilisation de la technologie
GC-MS, a été établie pour l’étude du périphyton. La capacité de la méthode à détecter des
adaptations physiologiques se déroulant dans la communauté en réponse à une exposition
à de la prometryn indique que cette approche métabolomique peut trouver sa place dans
les champs de l’écologie et de l’écotoxicologie des communautés microbiennes naturelles.
5.2 Introduction
Several environmental metabolomics studies have been successfully conducted to detect
the effects of environmental stress on the metabolism of variety of organisms. For in-
stance, stress induced by hypoxia on the metabolism of natural populations of mussels
(Hines et al., 2007a,b), metabolic responses of fish eggs and embryos to herbicide and
pesticide exposure (Viant et al., 2005, 2006a,b), or changes in the metabolome of earth-
worms exposed to environmental contaminants (Jones et al., 2008; McKelvie et al., 2009)
were already demonstrated. Investigations on the metabolic responses of natural mi-
crobial communities to the environment have also been reported. For example, in a
combined metabolomics–proteomics approach, Wilmes et al. (2010) studied acid mine
drainage (AMD) bacterial biofilms. The authors identified differences in the metabolic
organization of two naturally coexisting bacterial groups and proposed that these metab-
olic differences resulted from evolutionary divergence that confers to the two bacterial
groups the capacity to occupy different ecological niches.
Although the importance of testing the toxicity of chemicals at higher levels of biolog-
ical organization than the species level was recognized (Cairns, 1983) and the sensitivity
of metabolomics to detect chemical-induced responses in organisms was demonstrated, to
our knowledge no environmental metabolomics approach has been established to investi-
gate the effect of toxicants on microbial communities.
Periphyton communities are complex benthic microbial assemblages of algae, bacteria,
fungi and protozoa embedded in an extracellular polymeric substance (EPS) (Young,
1945). These communities, found at the base of the benthic food chain, can integrate the
changes of their environmental conditions and are considered as “early warning systems”
to detect the effects of toxicants on aquatic systems (Sabater et al., 2007). For instance,
natural periphyton communities were shown to react in situ, to the exposure to the
sediment contaminant prometryn (Rotter et al., 2011).
The question therefore arises whether a metabolomics approach could be established
to investigate the effects of toxicants on periphyton communities.
Prior to study the effects of toxicant on metabolite levels of a periphyton commu-
nity, some experimental aspects are particularly important for metabolomics experiments.
Sampling of the biota should be quick and ensure a minimal stress of organisms. Indeed,
a rapid handling of samples and the inactivation of enzymatic reactions or metabolic
quenching is generally essential for all metabolomics approaches to obtain an accurate
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snapshot of the in vivo metabolic state of biological systems (Fiehn, 2002). Further-
more, the biomass used for metabolite analyses should be normalized in order to ensure
the comparability of the metabolites levels between different samples. Moreover, the
reproducibility of the method should be assessed since samples preparation and data ac-
quisition can introduce a so called “technical variance” in the metabolite levels (Lin et al.,
2006). Additionally, the effects of the biological sources of variation on the metabolite
level should be quantified since metabolomics results are prone to high biological variance
even between individuals of the same species grown in identical conditions (Sumner et al.,
2003).
Finally, in the context of the assessment of toxicants effects on organisms using an
environmental metabolomics approach, metabolic changes induced by toxicant exposure
should be linked to the results of phenotypic observations for a better data interpretation
(Hines et al., 2007a) and should ultimately be compared to variations introduced into
metabolites patterns by environmental factors (Viant, 2007).
The present chapter reports on the development and the testing of a GC-MS based
meta-metabolomics approach to investigate the effects of toxicants on periphyton com-
munities. First, the GC-MS based metabolomics approach established on S.vacuolatus
populations to detect concentration-dependent metabolic effects of PNA on the green
algae populations (Chapter 4) and metabolic development trajectories induced by prom-
etryn (Kluender et al., 2009) was adapted to analyze the meta-metabolic fingerprints of
periphyton communities. Second, the metabolic changes induced by a short-term expo-
sure of periphyton communities to prometryn were investigated and linked to changes in
photosynthesis.
5.3 Methods
The general cultivation system and metabolomics protocol are described in Chapter 2.
However, some specific experimental characteristics are addressed below.
5.3.1 Glass substrate
Different types of substrates can be colonized by different types of communities (Young,
1945). In order to compare pulse-amplitude modulation (PAM) fluorescence measure-
ments and metabolomics measurements, it was necessary to use periphyton grown on the
same type of substrate. Glass discs were used to cultivate periphyton for PAM measure-
ments (as reported in Chapter 2) but were too small to collect enough biomass. Thus,
bigger glass slides were used to cultivate periphyton for metabolomics analyses. Mi-
croscope glass slides, adjusted to the dimensions 2.5× 6.1 cm, were inserted in Plexiglas
holders described in Schmitt-Jansen and Altenburger (2005). These slides ensured a good
surface for growth of the periphyton, with a total area of 27 cm2 per slide (2.5 cm × 5.4
cm × 2 sides). Bigger glass slides of size 6 × 8.3 cm have been previously tested but were
not convenient to perform the quenching of metabolism.
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5.3.2 Metabolite analysis of periphyton
The sample preparation was performed as follows:
1. Harvest and quenching: three to four glass slides colonized by periphyton were dis-
posed in a 5-slides mailers previously filled up with water from the microcosm. After
removing the water, the slides mailers were closed and sealed with an aluminum foil
before being plunged in liquid N2 for 10 minutes to quench the metabolism. The
samples were kept in the slides mailer and stored in the dark at −80◦C until further
processing.
2. Freeze-drying: All slide mailers were opened and disposed in an aluminum rack
precooled at −80◦C to keep the samples frozen during the freeze-drying process.
The freeze-drying ran for 24 hours at −40◦C and 0.2 mbar. The slides mailers were
then closed, sealed with parafilm and stored in the dark at room temperature for a
maximum period of two months and until further processing. The dry biomass from
three to four glass slides was scraped off the slides using a razor blade and pooled.
Material was weighed and a 10 to 30 mg subsample was disposed in 2 ml Eppendorf
tubes.
3. Metabolites extraction: 1.2 mL of a methanol, chloroform and 0.015% trifluoroacetic
acid in water (10:5:4, v/v/v) solution spiked with the standard ribitol (final concen-
tration 10 mg L−1) at 4 ◦C was added to each sample as well as 150 mg glass beads
(0.5 mm diameter). Cell disruption was carried out using the Fastprep-24 (MP
Biomedicals Europe; Illkirch, France). Three cycles of 35 seconds intense shak-
ing at 6.5 nm were performed. A 3 min cooling-off period was observed between
each intense shaking phase by disposing the tubes in ice. After cell disruption, the
tubes were centrifuged for 6 min at 20000 g and 5◦C and 1 mL of supernatant was
transferred to a 10 mL screw-top glass tube.
4. Liquid-liquid extraction: 0.8 mL of bidistilled water and 1.6 mL chloroform were
added to the sample extract followed by intense shaking for 20 s and centrifugation
for 10 min at 5000 g and 5 ◦C. 1 ml of the upper hydrophilic methanol/water extract
and 1.3 ml of the lower lipophilic chloroform/methanol extract were transferred into
two different 3 ml reaction vials closed with screw cap and PTFE/red rubber septa.
5. Derivatization: Prior to derivatization, the hydrophilic and lipophilic metabolite
extracts were dried at 40 ◦C under a stream of nitrogen. Approximately 30 min-
utes and 120 minutes were necessary to dry the hydrophilic and lipophilic extracts,
respectively. The methoximation of dried hydrophilic extracts was performed by
incubation with 200 µL of MOX1 for 120 min at 80 ◦C. In parallel, dried lipophilic
extracts were transmethylated by incubation with 300 µL methanolic HCl for 240
min at 80 ◦C. Both hydrophilic and lipophilic extracts were dried under a stream
of nitrogen at 40 ◦C prior to silylation by incubation in 60 µL of MSTFA2 spiked
with an alkane mixture (final concentration 20 mg L−1) for 20 min at 90 ◦C. Prior
12% methoxyamine hydrocholoride in pyridine
2N -methyl-N -(trimethylsilyl) trifluoroacetamide
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to GC-MS analyses, sample extracts were quickly transfered into 2 mL brown glass
GC-MS vials loaded with 100 µL glass insert.
The samples of periphyton collected were processed in the same experimental batch.
Few parameters were changed compared to the extraction and derivatization protocol
used in chapter 4 for cultures of Scenedesmus vacuolatus. We increased the volume of
extraction solution to 1 mL, reduced the volume of hydrophilic phase to 1 mL and the
volume of lipophilic phase to 1.3 mL. These changes were operated to ease the liquid-liquid
separation, improve its reproducibility and thus reduce the technical variability present
in the results. The volume of MSTFA used for the silylation of the metabolites extract
was kept at 100 µL.
According to preliminary results, a quantity of 30 mg of dry periphyton material was
found to be suitable to produce meta-metabolic fingerprints of the community. GC-MS
files were pre-processed using the MOP method presented in Chapter 3.
5.3.3 Description of the periphyton communities
Three periphyton communities were cultivated under different conditions to test the ap-
plicability of metabolomics on a complex community.
Pond 1
Periphyton was cultivated in an artificial outdoor pond with the same cultivation substrata
as in the microcosms. The pond is located in the area of the institute, where the input of
water mainly comes from rain. A slide holder was disposed 10 cm below the water surface
for a colonization time of 8 weeks, between the 17/09/2009 and the 10/11/2009. The
three samples collected in the pond were compared to samples collected in the microcosm
1 in order to assess the effect of different origin on the meta-metabolic fingerprints of
periphyton.
Microcosm 1
This periphyton community was cultivated in microcosms for a period of 8 weeks, between
the 17/09/2009 and the 10/11/2009.
The community was used to test the difference introduced in the meta-metabolic
profiles by the use of 10 or 30 mg of dry material. These two values were chosen based on
preliminary results. The material collected for each sample was split in two sub-samples,
one containing 10 mg and the other 30 mg of dried periphyton.
Microcosm 2
The last periphyton community was cultivated in a microcosm under controlled con-
ditions. The period of colonization was 8 weeks, between the 07/01/2010 and the
25/02/2010.
Two samples of fresh material were harvested and stored for further metabolomics
analysis. Afterwards, prometryn dissolved in DMSO was directly added in the microcosm
to reach a nominal concentration of 50µg L−1. After 1, 3 and 5 hours of exposure,
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two samples of fresh periphyton were harvested and stored until further analysis of the
metabolites.
In order to anchor metabolomics results to photosynthetic parameters, changes in the
maximum quantum yield (ΦP SII) of the PSII and the tolerance of the community to
prometryn were assessed on 8 weeks old periphyton after each sampling campaign, i.e.
before exposure to prometryn and after 1, 3 and 5 hours of exposure by performing a
short-term toxicity test. For each test, colonized glass discs were disposed in the wells of
a 24-well Multiwell plate and were incubated with prometryn for one hour. Six exposure
concentrations were used to ensure a range of no effect to strong effect on photosynthe-
sis. Prometryn was dissolved in DMSO (0.1%) and applied at following concentrations:
0.00002, 0.002, 0.02, 0.2, 2 and 20 mg L−1. Three replicates were analyzed for each
concentration, controls and DMSO controls. ΦP SII was estimated using pulse-amplitude
modulation (PAM) fluorescence measurements performed with the MAXI-Imaging-PAM
fluorometer.
Control and solvent control values of ΦP SII (n=6) were compared to the other time
points and pairwise comparisons were performed between time points using multiple test-
ing corrections. Relative inhibitions of ΦP SII were calculated using the equation 2.3 as
reported in Chapter 2. Data were then modeled using log-logistic analyses to derive EC50
values that reflect tolerance.
5.3.4 Algae classes composition
In order to assess a structure parameter of the different periphyton communities, measure-
ments of algae class composition were performed on fresh periphyton using the PHYTO-
PAM fluorometer. Further details on the method can be found in Chapter 2.
5.3.5 Analysis of meta-metabolic fingerprints
Estimation of the sources of variability
In order to assess the reproducibility of the method, the coefficient of variation (CV) of
the levels of the standard ribitol was calculated for the hydrophilic extracts of all samples.
Additionally, the reproducibility of the metabolites levels measurements was estimated
using the samples from the “microcosm 2”. CVs were calculated independently for the
pseudo-replicates (i.e. T0, T1, T3 and T5) and results were pooled. These calculations
were done independently for hydrophilic extracts and lipophilic extracts.
Finally, the effect of biological variability on metabolite levels was assessed using the
samples from the “pond 1” and the “microcosm 1”. CVs were calculated independently
between replicates (i.e. samples from pond1, samples from “microcosms 1” with 10 mg and
samples from “microcosms 1” with 30 mg) and results were pooled. These calculations
were done independently for hydrophilic extracts and lipophilic extracts.
Multivariate analyses
Meta-metabolic fingerprints were analyzed by multivariate analyses. Specifically, four
different principal component analysis (PCA) were carried out to (1) study the influence
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of different quantities of periphyton on the metabolic patterns on the community “mi-
crocosm 1”, (2) reveal the effect of the origin of the samples on the metabolites levels
by comparing the communities “microcosm 1” and “pond 1”, (3) explore the metabolic
changes induced by a 1 to 5 hours exposure to prometryn in the community “microcosm
2” and (4) compare the different source of variability that can affect metabolic patterns,
i.e. experimental, environmental and toxicant-induced effects, using the communities
“microcosm 1”, “microcosm 2” and “pond1 1”
5.4 Results
5.4.1 Quantity of dry material
Different quantities of dry biological material were tested to produce the meta-metabolic
profiles of periphyton. The assessment of profiles differences was based on the comparison
of the shape of the chromatographic peaks as well as the number of compounds detected.
Inspection of chromatograms from the hydrophilic phase revealed peaks with relatively
narrow, sharp and symmetrical shape. This is illustrated in the Fig. 5.1 for a window
of retention time between 15 and 35 minutes. The quality of these chromatograms, in
terms of peak shape, was not affected by the difference of dry material used but clear
differences were seen in the intensity of signals. In the example Fig. 5.1, the highest peak
intensity was achieved for the sample M2-30. However, some peaks were only present in
periphyton from the pond such as the one eluting around 25.5 min or in higher intensity
than in periphyton cultivated in microcosms, such as the peaks found in the range 18–18.5
min. Similar observations were found in the lipophilic phase (results not shown).
For periphyton grown in microcosm 1, an average of 18 and 22 more peaks were
detected in the hydrophilic and lipophilic extracts, when using 30 mg of dry material
compared to 10 mg, respectively. Periphyton cultivated outside in the pond did not
provide enough material to test different quantities. Therefore, only 10 mg of dry material
was used for each sample.
Using 10 mg of dry material, an average of 177 peaks and 188 peaks were found in
the hydrophilic and the lipophilic extracts of periphyton cultivated in the pond, respec-
tively. Approximately the same average amounts of peaks (179 and 172 in hydrophilic and
lipophilic extracts, respectively) were found using 30 mg of dry material of periphyton
cultivated indoor in the microcosm 1 and in the microcosm 2 (165 and 184 in hydrophilic

























Table 5.1: Summary of the experiments carried out on periphyton and characteristics of the samples analyzed.
Communities were sampled after 8 weeks of colonization under controlled conditions in microcosms and under
natural conditions in a pond.












H phased L phasee
Pond 1
1 P1-10 -
14 (±2) 6 (±7) 79 (±7)
0.13 10 181 184
2 P2-10 - 0.11 10 174 194




3 (±1) 5 (±6) 91 (±5)
0.90
10 171 153














7 (±4) 5 (±4) 88 (±1)
0.83
30 169 190
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Figure 5.1: Total ion current (TIC) chromatograms of the hydrophilic extracts shown for
four selected samples of periphyton. The area A gives a general view of the chromatogram
region 15 – 36 minutes. The areas B, C and D provide a closer look on three regions of
the chromatograms.
5.4.2 Variability within the meta-metabolic fingerprints
The influence of three sources of variability on the metabolite levels, i.e. experimen-
tal, environmental and induced by prometryn exposure, was investigated and results are
reported hereafter.
Experimental variability
The variation introduced by the extraction and the analysis of periphyton extracts was
quantified. The coefficients of variation (CV) of the peak area of the internal standard
ribitol was calculated in the hydrophilic extracts and a value of 8% of variation was found
(n=17).
The extraction variability was also assessed by calculating CV values of metabolite
levels between pseudo-replicates produced in the microcosm 2. Results of the hydrophilic
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and lipophilic extracts reproducibilities are illustrated in Fig. 5.2. For the hydrophilic
extracts, the CV values ranged from 0.11 to 141% with a mean of 36% and a median of
14%, while the CV values for the lipophilic extracts ranged from 0.01 to 141% with a
mean of 42% and a median of 10% (n=8).
The biological reproducibility was assessed by calculating the CVs of metabolite quan-
tities between replicates produced in the microcosm 1 and pond 1 and aggregating the
results (n=9). For the hydrophilic extracts, the CV values for the biological variability
ranged from 2.38 to 173% with a mean of 63% and a median of 43%, while the CV values
for the lipophilic extracts ranged from 0.56 to 173% with a mean of 57% and a median
of 27% (see Fig. 5.2).
Extraction var.












































Figure 5.2: Histograms of the extraction and biological variabilities in the meta-metabolic
fingerprints of periphyton. CV (%) were calculated on the metabolite levels. The full and
dashed line represent the median and mean of the CV, respectively.
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Differences in meta-metabolic fingerprints of communities
A PCA of the samples collected in microcosms 1 was carried out to investigate the ef-
fects induced by difference of biomass on the meta-metabolic fingerprints of periphyton
communities (see Fig. 5.3 A). The two first components of the PCA summarized a to-
tal of 65.5% of information of the dataset with 44.5% and 21% for the PC1 and PC2,
respectively. On the scores plot (Fig. 5.3 A), the PC1 discriminates clearly the samples
produced using 30 mg of dry material on the left from those produced with only 10 mg
on the right. On the PC2, the variability between different samples can be found with
the sample M1-30 situated on the top and the sample M2-30 and M3-30 on the bottom
part.
Additionally the effect of growth location on the meta-metabolic fingerprints were
investigated by performing a PCA of the samples collected in the microcosm 1 (M1-10,
M2-10 and M3-10) and in the pond 1. For the comparability of the results, meta-metabolic
fingerprints produced with the same quantity of dry material (10 mg) were compared. The
results are illustrated in the Fig. 5.3 B. A total of 70% of information was summarized
by the two first components, with 52% and 18% for the PC1 and PC2, respectively. As
shown by the scores plot in Fig. 5.3 B, the PC1 represents the difference between the
meta-metabolic fingerprints of communities grown in microcosms on the left and those
grown in the pond on the right. The PC2 partly represents the variability between samples





















Figure 5.3: Scores plots of the two PCAs performed on the meta-metabolic fingerprints of
periphyton communities. The effect of the quantity of periphyton is visualized in A and
the effect of the origin of samples is represented in B. In both cases, the two first principal
components are represented. The labels describe the growth conditions (M: microcosm,
P: pond) followed by the number of the slides (1-3) and the quantity of periphyton (30,
10)
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Variability induced by prometryn exposure
Changes in metabolite levels occurring in a periphyton community after exposure to a
toxicant were investigated. A short-term exposure to 50 µg L−1 prometryn was carried
out and the changes in meta-metabolic fingerprints after 1, 3 and 5 hours exposure were
followed.
The first and second principal components (PC) of the PCA summarized 39% and 18%
of variability respectively, for a total of 57%. On the scores plot in Fig. 5.4 A, samples
are arranged along the PC1, in the following sequence from right to left: controls samples
and samples exposed to prometryn for 1 hour, 3 hours and 5 hours. The community
exposed for 1 hour is situated in the upper right part of the scores plot. Therefore, the
PC2 represents partly the metabolic changes occurring between 1 and 5 hours fo exposure
as well as the variability found between pseudo-replicates.
Most of the metabolites are situated on the right side of the loadings plot (Fig. 5.4
B). Thus, most of the metabolites were found in higher quantity in the control sample
compared to the exposed samples.
Toxicant-induced metabolic changes were linked to changes in photosynthesis. For
each short-term toxicity test, the controls and solvent controls (n=6) were used to cal-
culate the average maximum quantum yield (ΦP SII). Pairwise comparisons using t-tests
with pooled SD (adjusted for multiple testing) were performed to test the statistical dif-
ferences between the ΦP SII after 0h, 1h, 3h and 5h exposure to prometryn. A significant
decreases of ΦP SII was found after exposure to prometryn with 0.43 for non-exposed com-
munities, 0.38 (1 h), 0.41 (2 h) and 0.36 (5 h) for communities exposed to prometryn (see
Table 5.2). EC50 of the ΦP SII inhibition varied between 0.86 mg L−1 and 8.51 mg L−1 for
controls (0 h) and samples exposed for 3 hours (3 h). Samples pre-exposed to prometryn
showed higher EC50 than control community.
Table 5.2: Summary of the ΦP SII and the log-logistic model parame-
ters of ΦP SII inhibition under prometryn exposure. Different letters in
exponent indicate significant differences between the average ΦP SII .
Exposure (hours) ΦP SII EC50 (mg L
−1) θ1 θ2 p adj. R
2
0 0.43a 0.860 0 100 0.550 0.984
1 0.38b 1.321 0 100 0.360 0.968
3 0.41c 8.514 0 100 0.645 0.946
5 0.36d 2.139 0 100 0.428 0.944
Comparison of the different variabilities
A PCA of all samples was conducted to compare the variance induced by the different
sources of variability previously investigated, i.e. experimental, environmental and ex-
posure variance. The two first components of the PCA summarized 34% of information
from the dataset with 27% and 17% for the PC1 and PC2, respectively.
On the scores plot in Fig. 5.5 A, the first component clearly discriminates the com-
munity from the microcosm 1 on the left from the one from the microcosm 2 on the
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Figure 5.4: PCA scores (A) and loadings (B) plots of the meta-metabolic fingerprints of
a periphyton community under short-term exposure to prometryn. Samples were non-
exposed (T0) or exposed to prometryn (50 µg L−1) for 1h (T1), 3h (T3) and 5h (T5).
On the loadings plot (B), each dot (•) represents a metabolite.
right. The second component discriminates the samples from the pond on the top from
all samples coming from microcosms on the bottom.
Differences detected in the meta-metabolic fingerprints of periphyton communities
have been linked to differences in algae class composition. According to the fluorescence
patterns analyzed with the PHYTO-PAM, all communities were dominated by diatoms
which account for 79%, 91% and 88% of the algae present in the communities pond 1,
microcosm 1 and microcosm 2, respectively (see Table 5.1). The percentage of green
algae was similar between the community cultivated in the pond (6.2%) and the one
cultivated in microcosm (5.4 %). However, the two communities slightly differed in their
composition in blue algae and diatoms. The periphyton cultivated outside consisted of
14.4% of cyanophytes and 79.1% of diatoms while the periphyton community cultivated
in the microcosms had 3.4% and 91.1% of cyanophytes and diatoms, respectively.
5.5 Discussion
In this chapter, a GC-MS based metabolomics approach was established to analyze the
meta-metabolic fingerprints of periphyton communities and investigate toxicant-induced
metabolic changes. Two main points were discussed in the following part. First, experi-
mental issues relative to the sampling procedure of the periphyton as well as the quantity
of biological material required for metabolite analyses were considered. The sources of
variability that influence the meta-metabolic fingerprints and metabolic changes induced
by a prometryn exposure were discussed in a second part.
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Figure 5.5: PCA scores (A) and loadings (B) plots of the meta-metabolic fingerprints of
all periphyton samples collected. The components 1 and 2 of the PCA are presented. On
the scores plot A, labels describe the sample described in Table 5.1. On the loadings plot,
metabolites are represented by a dot (•)
5.5.1 Sample processing
Rapid quenching of the metabolism
The aim of the quenching of metabolism is to stop all enzymatic reactions in order to
get a snapshot of the in vivo metabolic state of the biological system. Due to the high
turnover rates of 1-2 seconds of some metabolites, quenching should be rapid. Moreover,
cell membrane damage should be avoided during quenching to prevent from leakage of
metabolites (Mashego et al., 2007). The addition of a cold solution of methanol and water
at −40◦C or liquid N2 to samples have been used to quench the metabolism of diverse
prokaryotes but was sometimes followed by leakage of metabolites (Mashego et al., 2007).
For eukaryotes, direct injection of suspension Chlamydomonas reinhardtii in methanol-
water solution at −25◦C (Bölling and Fiehn, 2005) or −70◦C (Lee and Fiehn, 2008) were
followed by handling of the cell suspension in cold conditions. Kluender et al. (2009)
separated the culture medium from Scenedesmus vacuolatus by filtration and disposed
the samples in eppendorf tubes prior to quenching of metabolism in liquid N2.
Our approach to harvest periphyton consisted in quickly disposing glass slides colo-
nized by periphyton in translucent plastic slides mailers. The mailers were previously
filled with water from the microcosm to avoid dessication of the periphyton during sam-
pling. The handling of colonized slides was done under the same light condition as for
growth, in order to maintain the photosynthetic activity. Prior to quenching, the water
was quickly removed and the slide-mailers were closed and plunged in liquid N2. This last
operation took approximately 3 seconds and therefore is expected to avoid the induction
of stress responses and to ensure a good estimation of the in vivo metabolic state. The
direct immersion of the samples in a cold solution was tested but resulted in the breakage
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of the glass slides. Moreover, the use of plastic slide mailers prevent from direct con-
tact of the quenching solution with the periphyton and should avoid metabolites leakage.
The integrity of the cell after these step was confirmed by observations with microscope.
The periphyton was separated from its growth substrate only after the freeze-drying
which contrasts with approaches usually followed in periphyton research. Indeed, fresh
biological material is usually directly scraped off the growth substrate in order to per-
form enzymatic activities measurements (Bonnineau et al., 2010; Romaní and Sabater,
1999), DNA extraction (Eriksson et al., 2009b) or diatoms identification (Morin et al.,
2010; Pesce et al., 2010). But scraping the fresh material off the substrate is not suit-
able for a metabolomics approach since it can take few minutes and may induce stress
by mechanical action and dessication of the periphyton. Instead, the method we pro-
posed ensures convenient sampling of periphyton, rapid quenching of the metabolism and
should ensure an accurate estimation of metabolite levels by avoiding the induction of
stress responses.
Normalization of the quantity of periphyton for the metabolite analyses
The quantity of periphyton used in the metabolites analyses was normalized to the dry
weight (DW) and optimized to detect as many metabolites as possible and to avoid
the problem of peak overloading that induce errors in quantification (Lee and Fiehn,
2008). There is generally no consensus in plankton research concerning the parame-
ters that should be used to determine the biomass. For instance, the determination of
in vitro chlorophyll a (Chl a) content per surface or volume unit has been widely used
to describe changes in phytoplankton biomass for instance in the sea (Vaillancourt et al.,
2003). Biomass is also sometimes estimated by measurement of in vivo Chl a fluores-
cence (Schmitt-Jansen and Altenburger, 2005). However, both method have been criti-
cized and it was suggested that Chl a content cannot be regarded as plankton biomass
(Kruskopf and Flynn, 2006). It was not possible to estimate the real carbon (C) biomass
(Kruskopf and Flynn, 2006) or the ash-free-dry-weight (AFDW) (Villeneuve et al., 2010)
in our experiment because the analyses of metabolites required most of the periphyton
material that could be harvested. Thus, we normalized the quantity of periphyton used
for metabolites analyses to the dry weight (DW). In all our experiments on periphyton
cultivated in microcosms, the use of 30 mg of dry material per sample ensured both a
good quality of chromatographic peaks in terms of shape and intensity as well as a max-
imal amount of signals detected. However, the same quality of results was achieved for
periphyton grown in a pond only using 10 mg of dry periphyton. Therefore, the quantity
of periphyton necessary to produce accurate meta-metabolic fingerprints depends on the
type of community as well as the condition in which they were grown and has probably
to by optimized for each system and each experiment.
5.5.2 Sources of variability in the meta-metabolome of periphy-
ton communities
In order to evaluate the quality of the GC-MS based meta-metabolomics approach on pe-
riphyton communities, three different sources of variability which can affect the metabo-
lite levels have been investigated. In the following part, we discussed the effects of the
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experimental variability, environmental variability and stress-induced variability on the
meta-metabolic fingerprints.
Experimental variability in the GC-MS based approach
The GC-MS based metabolomics approach that was established for the unicellular alga
Scenedesmus vacuolatus was modified for the analysis of periphyton communities.
In our experiment, the variability introduced by the preparation and the analysis of
the hydrophilic extracts was reflected by a CV of 8% for the intensity of the internal
standard ribitol. This value is comparable to the results of Broeckling et al. (2005) who
found CVs in the range 4.6% to 7.8% for the analyis of Medicago truncatula cell cultures.
The reproducibility of the method to quantify metabolite levels was also tested for the
hydrophilic and lipophilic extracts. A mean CV of 36% and a median of 14% were found in
hydrophilic extracts while a mean of 42% and a median of 10% were found for the lipophilic
extracts. In comparison, Fiehn et al. (2000a) found mean deviation of metabolite levels of
8% while Kluender et al. (2009) found median CV of 20%. Coucheney et al. (2008) found
averages values of 13% and 16% for two bacterial strains. For the hydrophilic extracts,
the CV values ranged from 0.11 to 141% while the CV values ranged from 0.01 to 141%
for the lipophilic extracts. The higher mean, median and variabilty of the CV detected
in the present study compared to litterature may come from the higher complexity of
the biological matrix which characterizes the periphyton. This may explain also the high
biological variability (mean of 63% and a median of 43%) in the hydrophilic extracts
and lipohilic extracts (mean of 57% and a median of 27%). In comparison, Fiehn et al.
(2000a) found an average 40% for Arabidopsis thaliana (Ossipov et al., 2008) reported
high biological variation in some metabolites of birch leaves that were interpreted as the
result of plastic biochemical responses of leave to their microenvironement. Such type of
effect of the microenvironment of periphyton may also explain the high biological variation
observed inour study.
Finally, the results from the metabolite levels reproducibility and the biological vari-
ability suggest that the analysis of lipophilic extracts is more reproducible than the anal-
ysis of hydrophilic extracts.
Effects of the origin of periphyton
The influence of the origin of periphyton on their meta-metabolome has been tested by
comparing communities grown in different locations. Clear differences in meta-metabolic
fingerprints of communities cultivated under different conditions were found.
Other studies revealed the metabolic differences between organism coming from dif-
ferent locations. For instance, a study of populations of Arabidopsis lyrata ssp petraea
coming from different regions of northern Europe revealed that different metabolic phe-
notypes were associated to the different atmospheric temperatures (Davey et al., 2009).
Ossipov et al. (2008) were able to detect the higher influence of the genotype compared to
the growth location on metabolic phenotypes of birch trees (Betula pendula). These two
examples show that the degree to which spatial and genetic differences may affect metab-
olic variation are species-specific. In comparison, the effect of location on meta-metabolic
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fingerprints of periphyton may be due to different processes. Indeed, periphyton com-
munities integrate the effect of environmental conditions over extended period and are
expected to respond to environment fluctuations by short-term physiological acclimation
and long-term structural changes (Sabater et al., 2007). Thus, the metabolic phenotypes
of periphyton communities may reflect both physiological and structural differences found
in the two different locations tested. After eight weeks of colonization, the quantity of dry
periphyton collected per surface unit was higher in microcosms than in the pond. More-
over, the analysis of algae class composition revealed a higher proportion of cyanophytes
and a lower proportion of diatoms in periphyton communities grown in the outdoor pond
compared to those grown in microcosm. Therefore, the differences in the meta-metabolic
fingerprints may reflect the difference in the structure of the communities.
These findings show that it is important to determine the structure of a periphy-
ton community to interpret meta-metabolomics information since metabolic fingerprints
reflect at least in part information on the structure of the community. Finally, the meta-
metabolomics approach seems to be suitable to reflect biological differences between pe-
riphyton communities while being robust to small biomass differences.
Effect of the exposure to prometryn
Meta-metabolic fingerprints of periphyton communities demonstrated a high reactivity to
short-term exposure to prometryn. The level of most of the metabolites decreased from
zero to five hours of exposure to 50 µg L−1 and may reflect a global shortage in energy
resources within the periphyton since a clear decrease of photosynthesis performance was
observed. Changes of photosynthesis were deduced from the EC50 obtained by short-term
tests of photosynthesis inhibition. Community not pre-exposed to prometryn showed
the maximum sensitivity with an EC50 of 0.86 mg L−1. Interestingly the sensitivity of
photosynthesis was slightly reduced after one hour pre-exposure but strongly reduced after
3 hours. Finally after 5 hours of exposure, the sensitivity increased again but remained
lower that what was observed in control communities.
Therefore, physiological changes occurring under short-term stress induced by the
exposure to a toxicant can be detected in the meta-metabolic fingerprints of periphyton
communities.
Finally, a PCA was performed on the meta-metabolic fingerprints of all periphyton
samples in order to compare all sources of variability tested in this study. This analy-
sis revealed that the main source of variability between the meta-metabolic fingerprints
reflected the three communities tested. Additionally, these metabolic difference were sup-
ported by differences in algae class composition. Therefore, meta-metabolic fingerprints
seem to mainly reflect differences in structure of the communities. Furthermore, the effect
of the origin of periphyton on the meta-metabolic fingerprints was more important than
the effect induced by small biomass difference or by exposure to prometryn although these
effects were still visible on the multivariate pattern. These observation have two types of
implications. From an experimental aspect, these results mean that small irregularities
in the biomass used for metabolite analyses will not have a great impact on the final
results when different periphyton communities are compared. From an ecotoxicological
point of view, this fact pose the problem of the assessment of short-term effects using
metabolomics approach. The sensitivity of the metabolomics approaches to detect ef-
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fect of toxicants work also at the community level but the variability is outperformed by
natural variation existing between communities. This result suggests that physiological
acclimation to stress should be studied for each community separately or in a reference
approach. In the case were exposure conditions are not controlled like in the field, the
effect of short exposure on the function of periphyton communities may be detected but
hidden by natural variability. Therefore, as underlined by Hines et al. (2007a) for the
study of populations, it is important to characterize the properties of the periphyton
communities in terms of structure and origin to by able to interpret the information from
the meta-metabolic fingerprints and identify metabolic stress-response.
5.6 Conclusion
In this chapter, a GC-MS based metabolomics approach was established and applied on
periphyton communities. A simple and rapid sampling of the periphyton was achieved and
the metabolism was quenched in liquid N2. This method could be easily used to collected
samples in the field. Using 30 mg of dry periphyton material, adequate chromatographic
profiles were obtained. However, we recommend that this value is adapted for each new
experiment. Even if the reproducibility of the GC-MS based method may be improved,
the method was sensitive and robust enough to detect environmental effects as well as
toxicant-induced metabolic changes. For this last point, the capacity of the method to
detect global physiological adaptations occurring in a periphyton community exposed to
an inhibitor of photosynthesis shows that a metabolomics approach could find a place in
the fields of stress ecology or ecotoxicology of natural microbial communities.
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periphyton communities under a
long-term exposure to prometryn
“Similarly, understanding the molecular and biochemical mechanisms respon-
sible for changes in populations and communities will help establish cause-
and-effect relationships between stressors and responses observed in the field.”
Clements (2000)
6.1 Résumé
Les communautés de périphyton sont des systèmes dynamiques qui peuvent répondre à de
courts changements de leur environnement grâce à des adaptations physiologiques. Lors
de perturbations prolongées, comme lors de l’exposition à des substances toxiques, ces
communautés peuvent répondre par des réorganisations de leur structure. Par exemple,
lors d’une exposition prolongée à des herbicides, un remplacement des espèces les plus
sensibles par des espèces plus tolérantes va s’opérer. Cette réorganisation s’accompagne
d’une augmentation moyenne de la tolérance de la communauté au toxique testé. Cet
effet PICT ou Pollution-Induced Community Tolerance est mis en évidence grâce a des
test spécifiques. Dans le chapitre précédent, il a été montré que l’utilisation de la tech-
nologie métabolomique permet de mettre en évidence des adaptations physiologiques des
communautés induites par de courtes expositions à l’herbicide prometryn. Le but de ce
chapitre a été de mettre en évidence si des changements métaboliques accompagnent la
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réorganisation de la structure des communautés suite à une exposition prolongée à la
prometryn.
Pour cela, des communautés de périphyton ont été cultivées dans 12 microcosmes de
15 litres soumis à des conditions stables de lumière et température. Le périphyton a été
exposé à une concentration 15 µg de prometryn par litre dès le premier jour d’inoculation
des microcosmes. L’exposition a été maintenue durant 3 à 5 semaines afin d’induire un
changement de structure de la communauté. Pour cette expérience, les 12 microcosmes ont
été répartis en 4 microcosmes contrôle, 4 contrôles du solvant (DMSO) et 4 microcosmes
exposés à la prometryn. Des échantillons de périphyton ont été collectés après 3, 4 et 5
semaines de croissance. Lors de chaque échantillonage, la composition en classes d’algues a
été déterminé afin de caractériser la structure des communautés. Par ailleurs, la tolérance
de la communauté a été quantifiée grâce à la méthode du PICT afin de suivre indirec-
tement les changements de structure. Pour chaque communauté, du matériel biologique
a été collecté et préparé d’après le protocole présenté au chapitre 5 afin de déterminer
les empreintes métaboliques du périphyton. Les extraits lipophiles et hydrophiles ont été
analysés séparément par GC-MS et les résultats on été pré-traités par la méthode MOP
présentée au Chapitre 3.
Les analyses de la composition en classe d’algues ont mis en évidence une dominance de
la classe des diatomées dans quasiment toutes les communautés. Les analyses multivariées
des empreintes métaboliques ont révélé des différences métaboliques entre les communau-
tés exposées à la prometryn et celles non exposées (i.e. contrôle et contrôle du solvant).
Ces différences apparaissent plus clairement dans les extraits métaboliques lipophiles que
dans les extraits hydrophiles. Un effet PICT, c’est-à-dire une augmentation de la tolérance
des communautés à la prometryn, a été détecté dès 3 semaines d’exposition et témoigne
d’une réorganisation de leur structure. Ce résultat supporte les observations faites au ni-
veau des empreintes métaboliques et suggère que les changements métaboliques observés
reflètent principalement le changement de structure des communautés. Par ailleurs, des
trajectoires métaboliques ont été mises en évidence entre 3 et 5 semaines de développe-
ment des communautés. Ces changements reflètent la succession d’espèces induite par
l’exposition au toxique. En effet ces changements métaboliques sont observés seulement
dans les communautés exposées à la prometryn et s’accompagnent d’une augmentation
de la tolérance moyenne des communautés. L’étude des empreintes métaboliques a égale-
ment permis d’identifier des réponses spécifiques de certaines communautés exposées à la
prometryn. En particulier, une des communautés exposée à la prometryn possède une em-
preinte métabolique différente des autres communautés ayant subit le même traitement.
Ces observations sont corrélées à des différences de tolérance des communautés à la pro-
metryn. Ce résultat suggère donc que la technologie métabolomique permet de détecter
des réponses spécifiques des communautés qui reflètent des propriétés importantes que
ces dernières possèdent.
Cette expérience a mis en évidence les changements d’empreintes métaboliques qui ont
lieu lors d’une longue exposition de communautés de péripyton à la prometryn. Ces diffé-
rences témoignent d’une réorganisation de la structure de la communauté comme l’indique
l’effet PICT détecté. Ce travail démontre le potentiel d’application de la technologie mé-
tabolomique pour l’étude des effets des substances toxiques sur les communautés et offre
des perspectives à l’utilisation de cette technologie en complément des tests couramment
utilisés pour le PICT.
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6.2 Introduction
In the previous chapter, we established and tested a GC-MS based metabolomics approach
to reveal the meta-metabolic fingerprints of periphyton communities. We showed that
due to the complexity of this biological system, the method detected a higher variability
of metabolites level in comparison to results reported in literature. Although a strong
effect of the growth location on the meta-metabolic fingerprints was uncovered, toxicant-
induced metabolic changes were detected after short exposure (1 to 5 hours) of established
periphyton communities to 50 µg L−1 of prometryn and were linked to variations of the
photosynthesis.
Longer exposure to prometryn was found to impact the structure of the periphyton
communities. In a field experiment, Rotter et al. (2011) detected changes in algae classes
and shifts in diatom species composition few weeks after the translocation of periphyton
communities from a reference site to a polluted site an vice versa. These changes were
attributed to the prometryn present at the contaminated site and were associated to
variations of community tolerance to prometryn, also called pollution-induced community
tolerance (PICT).
The PICT concept is used to causally link changes in communities to toxicant expo-
sure. It was defined as “an increase in community tolerance as a response to a toxic impact
on the community, in which more tolerant organisms replace less tolerant ones” (Blanck,
2002). The study of PICT requires two experimental phases. First, the so called selection
phase corresponds to the period in which the community faces a long-term exposure to
a toxicant. The natural difference of sensitivity to a toxicant that exists between the
members of a community is the key element of this step. Indeed, the toxicant will exert a
selection pressure on the species leading to the replacement of the most sensitive species
by more tolerant ones. This directed reorganization of the structure of the community
also called toxicant-induced succession (TIS) results in an increase of the community tol-
erance to this toxicant. However, this increase of community tolerance is only revealed in
the subsequent step called detection phase. There, a short-term exposure to the toxicant
is performed on the community to quantify the community tolerance, usually shown as
the EC50 of a biological process. This process can be either metabolic (photosynthesis,
thymidine incorporation) or structural (abundances) but should be chosen in relation to
the known or expected mode-of-action of the toxicant.
Since the metabolomics approaches proved to be useful to detect short-tem effects
induced by prometryn, the question arose whether the effect of a long-term exposure
of periphyton communities to this toxicant could be detected in their meta-metabolic
fingerprints and linked to a PICT effect. Additionally, we were interested in whether
changes in metabolite levels could reflect the toxicant-induced succession occurring over
weeks. In this chapter, we thus investigated the metabolite changes induced by a long-
term exposure of periphyton communities to 15 µg L−1 of prometryn. The experiment
was conducted in indoor microcosms in order to standardize the environmental parameters
and minimize their effect on the meta-metabolic fingerprints of periphyton communities.
Periphyton was cultivated and exposed for five weeks. Metabolic changes induced after
three, four and five weeks of exposure were linked to changes in community structure
parameters (dry-weight, chlorophyll a and algae class composition) and tolerance increase.
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6.3 Methods
6.3.1 Growth and exposure conditions
Periphyton communities were cultivated in 12 microcosms. Glass slides and glass discs
were used as growth substrate as described in Chapter 2. Four microcosms were exposed
from the first day of cultivation to a nominal concentration of 15 µg L−1 of prometryn,
four were exposed to DMSO (0.01% of total microcosm volume) to serve as a solvent-
control and another four serving as controls were cultivated without any treatment, i.e.
under control conditions. Sample names and characteristics are described in Table 6.1.
6.3.2 Determination of community structure
Photosynthetic pigments were extracted and quantified in order to determine the structure
of the periphyton communities. After three, four and five weeks of growth, three glass
discs were sampled in each microcosm. The samples were prepared and stored in the
dark at −80◦C until they were analyzed using an HPLC system. Further details on the
samples preparation are reported in Chapter 2.
Chlorophyll a content was used as an estimate of the periphyton biomass and pair-
wise t-tests were performed to assess the differences of biomass between treatments and
between weeks.
The ratios of fucoxanthin to chlorophyll a (fuco./chl.a), zeaxanthin to chlorophyll a
(zea./chl.a) and lutein to chlorophyll a (lut./chl.a) were calculated to reflect the relative
community composition in diatoms, cyanobacteria and chlorophytes, respectively. Pair-
wise t-tests corrected for multiple comparisons were performed to assess the difference of
pigments ratios between treatments and between weeks.
Algae classes were additionally determined after three, four and five weeks of growth
via measurements of in vivo fluorescence using the PHYTO-PAM device. Measurements
were carried out after three minutes of dark adaptation on three glass discs per microcosm.
For comparison of communities, the average values of the three discs were used. More
details about the method can be found in Chapter 2.
6.3.3 Assessment of community tolerance
Short-term toxicity tests were carried out to assess the effect of prometryn on the pho-
tosynthesis. Colonized glass discs were placed in a 24-well Multiwell plate and were
incubated with prometryn for one hour. For each test, six concentrations of prometryn
were tested to ensure a wide range of effects from no effect to strong inhibition of photo-
synthesis. Prometryn (dissolved in DMSO) was used at concentrations of 0.00002, 0.002,
0.02, 0.2, 2 an 20 mg L−1 for the test on three weeks old periphyton and at concentrations
of 0.0003, 0.003, 0.03, 0.3, 3 and 30 mg L−1 for tests on four and five weeks old peri-
phytons. Three replicates were analyzed per concentration, control and DMSO control.
DMSO concentration within the test was kept at 0.1 % and did not show any effect on
the photosynthesis of solvent control periphytons. The maximum quantum yield (ΦP SII)
and the effective quantum yield (Φ′P SII) of the PSII were estimated using pulse-amplitude
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modulation (PAM) fluorescence measurements performed with the MAXI-Imaging-PAM
fluorometer. The relative inhibitions of (Φ′P SII) were calculated as reported in Chapter
2. Log-logistic models were employed to calculate EC50 values used as a measure of the
community tolerance. The log-logistic model could not be fitted for the data from the
sample P3-3w and therefore no tolerance value was derived.
6.3.4 Metabolite analyses
If not specified, the metabolomics protocol was performed as reported in Chapter 5. Three
glass slides colonized by periphyton were sampled in each microcosm. After the quenching
of the metabolism, samples were stored in the dark at −80◦C until further processing.
Samples were collected after three, four and five weeks of growth. In total, 36 samples
were collected for the metabolite analyses. The dry weight (DW) of the material collected
for each sample was used as an indication of periphyton biomass.
All samples were handled in the same experimental batch and 3 methods blanks
were prepared. Metabolites were extracted from 40 mg of dry material. The volume
of MSTFA used for the silylation of periphyton extracts was reduced to 60 µL. Both
parameters were changed to increase the concentration of metabolites in the extracts and
thus to increase the intensity of the signals detected by the GC-MS system.
All chromatograms were manually checked for abnormalities. Two samples (C3-4w and
P4-5w) were lost during handling and therefore, the final data set consisted of 34 samples.
The files were pre-processed using the MOP method and signals found in method blanks
were removed from the fingerprints, as presented in Chapter 3. The meta-metabolic
fingerprints of the lipophilic and hydrophilic extracts were analyzed in two separated
PCAs.
6.4 Results
6.4.1 Description of periphyton communities
The dry weight and chlorophyll a (Chl a) concentrations were measured as indication of
the periphyton biomass. Values are reported in Table 6.1 and illustrated in Fig. 6.1.
The dry weight significantly increased over the entire period of the experiment for the
control, DMSO control and prometryn exposed periphyton communities. In control and
DMSO samples, a significant change of dry weight was observed between three, four and
five weeks. In the former samples, an average of 1.01 mg cm−2 was reached after five weeks.
In the latter samples, biomass increased from 0.55 mg cm−2 at three weeks to 1.12 mg
cm−2 at five weeks. For the samples exposed to prometryn, significant changes were only
detected between week 4 and week 5, in which the dry weight increased from 0.39 to 0.66
mg cm−2. Furthermore, significant differences in dry weight were found between DMSO
and prometryn exposed samples for the entire experimental period, between DMSO and
control samples for week 3 and 4 and between control and prometryn samples from four
weeks on. Prometryn samples had the lowest dry weight.
In contrast to the dry weight, Chl a concentrations did not significantly change neither
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between the different treatments, nor during the course of time. This was most likely due
to the high standard deviation that characterized the average Chl a concentrations.
























































Figure 6.1: Mean values and standard deviations of dry weight per cm2 and chlorophyll
a concentration (ng cm−2) measured after three, four and five weeks of growth of the
control, solvent-control (DMSO) and prometryn exposed periphyton communities. Dif-
ferent letters and roman numerals stand for significant differences between treatments and
weeks, respectively (p < 0.05, n = 4, pairwise t-test). No letters and/or roman numerals
represent absence of significant differences.
Regarding the structure of the periphyton communities revealed by in vivo fluorescence
measurements, diatoms were the dominant algae in all microcosms at all sampling times,
as illustrated in Fig. 6.2. After three weeks of growth, most of the communities presented
the same structure in terms of algae class composition. The treatment P2-3w and P3-3w
presented a clearly different pattern with respectively more and less green algae than in all
the other microcosms. From three to four weeks of growth, an increase of the proportion
of cyanobacteria was observed in all microcosms. The algae class patterns expressed by
four weeks old communities were more diverse than the algae class patterns at three
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weeks. The communities C1-4w and P3-4w were characterized by similar structures with
a minimal proportion of green algae while the communitiies P1-4w and P2-4w presented
a maximal proportion of green algae. After four weeks, the proportion of green algae was
stable for most of the microcosms. However, the communities P1-5w, P2-5w and P4-5w







































Figure 6.2: Algae class composition of periphyton communities determined by fluorescence
analyses after three, four and five weeks of growth. The percentage of each class was
computed for each microcosm with dark grey, grey and light grey standing for diatoms,
chlorophytes and cyanobacteria, respectively.
The study of photosynthetic pigments ratios and in vivo pigment fluorescences was
aimed to characterize the composition of the periphyton communities in diatom, chloro-
phytes and cyanobacteria.
Communities from all treatments presented a high fuco./chl.a ratio (see Fig. 6.3).
However, a slight decrease of this ratio was observed for all treatments over time. Repli-
cates of treatments showed a relatively small standard deviation. Interestingly, standard
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deviations for prometryn exposed communities increased over time.
The zeax./chl.a ratio increased over time, although not significantly (except for the
control samples, for which a significant increase in the zeax./chl.a ration from three to
four weeks was observed). For all treatments, standard deviation considerably increased
over time. Solvent controls presented the highest average ratios values at all time points.
The average lut./chl.a ratio measured in the control, DMSO and prometryn samples
did not change neither over time nor between the treatments with exception of the prom-
etryn samples, which showed a significantly lower lut./chla ratio compared to the control
and DMSO samples three weeks after exposure. A higher standard deviation was observed
at four and five weeks of growth in all treatments.
6.4.2 Pollution-induced community tolerance (PICT)
The development of prometryn tolerance was quantified by the EC50 of short-term tests
on photosynthesis inhibition (see Fig. 6.4).
Periphyton communities exposed to prometryn for three to five weeks had a signifi-
cantly higher tolerance compared to control and DMSO control communities. After three,
four and five weeks of exposure to prometryn, periphyton communities presented a 2.4,
4.9 and 5.3 times higher EC50 than non-exposed communities. No significant increase of
tolerance to prometryn was manifested by control and DMSO control communities after
three, four and five weeks of growth.
A higher variability of tolerance was found in the communities exposed to prometryn
(SD between 0.032 – 0.068) compared to control and DMSO control communities (SD
between 0.005 – 0.025).
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Figure 6.3: Mean values and standard deviations of photosynthetic pigments, i.e. Fucox-
anthin, Zeaxanthin and Lutein, to chlorophyll a ratio calculated for three, four and five
weeks old control, solvent-control (DMSO) and prometryn exposed periphyton commu-
nities. Significant differences between the treatments and the weeks are represented by
different letters and roman numerals, respectively (p < 0.05, n = 4, pairwise t-test)
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Figure 6.4: Mean values and standard deviations of tolerances, expressed as EC50 (mg
L−1), of control, solvent-control (DMSO) and prometryn exposed peripyhton communities
after three, four and five weeks of growth. Significant differences between the treatments
and the weeks are represented by different letters and roman numerals, respectively (p
< 0.05, n = 4, pairwise t-test). Outliers (open circles) were excluded from calculation of






















Table 6.1: Design of the long-term exposure experiment and results of structural and functional measurements on
periphyton communities
Sample Microcosm Week Dry weight Tolerance Cyanobacteria Chlorophytes Diatoms Chlorophyll a Fucoxanthin Lutein Zeaxanthin
(mg cm−1) (EC50 mg L
−1) (%) (ng cm−2)
C1-3w Control 1 3 0.420 0.027 6.864274571 17.73270931 75.40301612 3888.646 1440.037 120.008 9.631
C2-3w Control 2 3 0.203 0.036 3.271918679 18.93265565 77.79542567 3271.074 1120.730 144.992 20.962
C3-3w Control 3 3 0.391 0.040 3.644954438 15.28855889 81.06648667 3613.910 1311.477 113.875 9.631
C4-3w Control 4 3 0.401 0.031 2.523240372 15.53784861 81.93891102 3734.541 1343.572 120.485 9.631
D1-3w DMSO 1 3 0.667 0.039 7.390300231 13.13510393 79.47459584 6372.187 2019.455 240.059 53.575
D2-3w DMSO 2 3 0.439 0.027 2.827763496 14.07455013 83.09768638 6890.184 2259.510 194.560 45.080
D3-3w DMSO 3 3 0.689 0.021 6.234161176 11.65737456 82.10846427 3175.474 1049.142 106.299 32.658
D4-3w DMSO 4 3 0.432 0.042 8.91521197 10.38029925 80.70448878 6001.221 2000.911 183.642 39.797
P1-3w Prometryn 1 3 0.413 0.057 10.06564551 5.579868709 84.35448578 2021.380 904.686 42.733 9.631
P2-3w Prometryn 2 3 0.345 0.115 2.023346304 23.26848249 74.70817121 3135.425 1438.271 74.346 9.631
P3-3w Prometryn 3 3 0.302 NA 3.10036784 0 96.89963216 6115.639 2404.527 42.733 9.631
P4-3w Prometryn 4 3 0.285 0.061 6.697459584 6.774441878 86.52809854 5208.666 2003.229 53.958 9.631
C1-4w Control 1 4 0.543 0.026 21.46627566 0.703812317 77.82991202 4644.380 1577.367 89.016 61.214
C2-4w Control 2 4 0.655 0.037 13.64195002 9.094633347 77.26341663 3666.343 1099.784 123.509 62.166
C3-4w Control 3 4 0.811 0.049 9.260120987 24.94183341 65.7980456 2192.638 754.987 111.605 9.631
C4-4w Control 4 4 0.668 0.033 4.884430877 17.00828609 78.10728304 4445.141 1406.490 131.085 34.701
D1-4w DMSO 1 4 1.147 0.069 19.59259259 9.074074074 71.33333333 7119.129 1876.788 331.522 135.520
D2-4w DMSO 2 4 0.732 0.037 11.46532438 18.06487696 70.46979866 3384.953 1030.426 124.653 38.525
D3-4w DMSO 3 4 0.803 0.029 13.40549542 4.829308909 81.76519567 2459.935 824.295 71.421 34.901
D4-4w DMSO 4 4 1.045 0.037 5.384063173 17.22900215 77.38693467 2521.871 851.123 76.736 23.009
P1-4w Prometryn 1 4 0.352 0.153 15.51724138 29.70219436 54.78056426 3207.625 783.951 177.115 60.986
P2-4w Prometryn 2 4 0.406 0.287 18.06608063 40.67899363 41.25492574 NA NA NA NA
P3-4w Prometryn 3 4 0.379 0.199 20.43343653 0.722394221 78.84416925 1973.542 774.038 42.733 9.631
P4-4w Prometryn 4 4 0.432 0.132 17.72151899 13.79080613 68.48767488 1543.830 539.374 67.637 9.631
C1-5w Control 1 5 1.126 0.023 12.79887482 8.766994843 78.43413033 3928.190 1237.025 93.364 60.853
C2-5w Control 2 5 0.971 0.045 8.425414365 20.3038674 71.27071823 4211.695 1179.920 173.520 76.131
C3-5w Control 3 5 0.858 0.030 13.53930032 28.30531577 58.15538392 3695.762 1216.295 153.270 40.919
C4-5w Control 4 5 1.108 0.025 7.988587732 9.472182596 82.53922967 3249.550 1024.952 105.187 37.131
D1-5w DMSO 1 5 1.482 0.043 20.07838408 19.74675912 60.1748568 4078.997 1135.296 210.827 116.141
D2-5w DMSO 2 5 1.157 0.083 12.03515889 17.13995943 70.82488168 4147.915 1196.218 124.199 70.565
D3-5w DMSO 3 5 0.943 0.026 20.62522458 6.360043119 73.0147323 4203.549 1259.928 122.756 62.495
D4-5w DMSO 4 5 0.899 0.032 26.20588849 9.354771351 64.43934015 4163.536 1112.985 167.793 103.856
P1-5w Prometryn 1 5 0.575 0.183 9.614206981 4.531537048 85.85425597 3366.494 1178.470 82.980 32.460
P2-5w Prometryn 2 5 0.896 0.304 22.40702241 0.877800878 76.71517672 5255.382 1113.213 324.894 115.370
P3-5w Prometryn 3 5 0.584 0.154 6.770833333 10.24305556 82.98611111 2554.560 936.059 59.862 15.757
P4-5w Prometryn 4 5 0.604 0.178 10.88082902 3.523316062 85.59585492 2891.459 914.817 84.097 43.142
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6.4.3 Meta-metabolic fingerprints analysis
The PCA of the lipophilic metabolite extracts carried out a total of 57% of information
on the first (34%), the second (12%) and the third principal components (11%). The first
component clearly separates non-exposed communities (controls and DMSO controls) on
the left side of the scores plots from prometryn exposed communities on the right side
(Fig. 6.5 A). The second component separates the exposed community from the microcosm
“prometryn 2” (P2) after four and five weeks of growth (P2-4w and P2-5w) from all the
others exposed communities. Additionally, this second component represents the gradual
metabolic changes occurring in prometryn exposed communities, from three weeks of
growth (upper part of the plot) to four and five weeks (middle and lower part of the
plot). The third principal component (Fig. 6.5 C) discriminates the changes occurring in
exposed communities after four weeks of growth compared to the other communities with
P3-3w, C3-3w and C4-3w located on the top and P3-4w, P4-4w, P1-3w, P1-4w on the
bottom of the scores plot.
On the loadings plot (Fig. 6.5 B), 291 metabolites are represented. The majority of
them are situated on the right side of the plot. These metabolites are therefore more
abundant in prometryn exposed communities than in non-exposed communities. Few
metabolites are situated on the left plot and thus, are more abundant in non-exposed
communities. Among these 291 metabolites detected, 143 were tentatively identified
using matching with mass spectral libraries (match factor > 80).
Three amino acids were identified in the non-polar profiles, Glycine, L-alanine and
L-isoleucine, and are situated on the right side of the plot. Ten saturated fatty acids
and 14 unsaturated fatty acids were tentatively identified as well as three fatty alcohols.
Thirty-four sugars were identified in the lipophilic phase. The linoleic acid, α-linolenic
acid was found in higher levels in P2-4w and P2-5w. Nine sterols or sterol derivatives
were identified.
In the PCA of the hydrophilic metabolite extracts, the four first principal components
carried 52% of the information with 22% for the first, 11% for the second, 10% for the
third and 9% for the fourth component. On the scores plot, the first component separates
all the samples from the communities exposed to prometryn for three weeks (P1-3w, P2-
3w, P3-3w and P4-3w) as well as the sample P3-4w (right side) from all other samples (left
side) (see Fig. 6.6 A). The second component of the PCA separates the communities D3-
4w and P1-4w on the top of the plot from the communities C4-3w, P3-3w and P4-3w on
the bottom. Communities P1-3w and P2-3w are clearly seprated from the samples P3-3w
and P4-3w. The third component (Fig. 6.6 C) mainly separates the community D2-5w
on the right from all other samples on the central part of the scores plot. The fourth
component discriminates most P2-5w fron all other samples and additionally, most of the
communities exposed to prometryn are found on the top (except P3-3w) and non-exposed
ones are found on the bottom of the scores plot. Therefore, the PC4 represents the gradual
metabolic changes occruing in exposed community after exposure to prometryn for 3, 4
and 5 weeks.
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Figure 6.5: PCA of the lipophilic meta-metabolic fingerprints of the periphyton commu-
nities. Principal components (PC) 1 and 2 are represented in the scores plot (A) and
the loadings plot (B) while the PC1 and PC3 are represented in the scores plot (C) and
the loadings plot (D). On the scores plots, each labeled box represents one periphyton
community at one time point while the circle figures the multidimensional space in which
95% of the non-exposed communities (control and solvent control) are found. On the
loadings plots, metabolites are represented by a dot (•).
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Figure 6.6: PCA of the hydrophilic meta-metabolic fingerprints of the periphyton com-
munities. Principal components (PC) 1 and 2 are represented in the scores plot (A) and
the loadings plot (B) while the PC3 and PC4 are represented in the scores plot (C) and
the loadings plot (D). On the scores plots, each labeled box represents one periphyton
community at one time point while the circle defines the multidimensional space in which
95% of the non-exposed communities are found. On the loadings plots, metabolites are
represented by a dot (•).
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6.5 Discussion
In this chapter, we investigated the capacity of the metabolomics technology to detect the
effects of a long-term exposure of periphyton communities to prometryn. Clear differences
were found in the metabolic pattern of non-exposed and exposed periphyton communi-
ties. Additionally, clear changes time dependent changes occurred in the meta-metabolic
fingerprints of communities exposed to prometryn.
6.5.1 Meta-metabolic fingerprints of exposed and non-exposed
periphyton communities
Clear differences were found between the hydrophilic and lipophilic meta-metabolic finger-
prints of non-exposed and exposed periphyton communities. This separation was visible
on the first principal component of the PCA for the hydrophilic profiles while it was mainly
reflected by the third principal component of the PCA for the lipophilic profiles. In both
cases, higher relative level of metabolites were found in communities exposed to prome-
tryn in comparison to communities non-exposed. The differences were illustrated by the
calculation of the normal metabolic operating range (NMOR) for non-exposed communi-
ties. The NMOR was originally defined by Viant (2007) as the region in the multivariate
metabolic space in which 95% of the individuals from a population reside. This concept
was itself derived from the normal operating range (NOR) that define the multidimen-
sional space in which 95% of the individuals from a population reside (Kersting, 1984).
This concept is useful to detect situations in which population are stressed. For instance,
the effect of the exposure of mussels to variable concentrations of copper was illustrated
by a shift of exposed organisms out of the NMOR, which indicated physiological changes
in response to stress (Viant, 2007). In our study, the departure of the NMOR defined
by non exposed communities reflected changes in community structure as supported by
some parameters measured.
Non-exposed communities generally presented a higher dry weight than exposed com-
munities, except after 3 weeks of growth. However, no significant change of chlorophyll a
content was detected. The high variability detected between replicates may be responsible
for this result. The analysis of algae class composition using in vivo fluorescence measure-
ment and in vitro measurement of photosynthetic pigments concentrations indicated that
all communities were dominated by diatoms. The exception came from the community in
the microcosm P2 after 4 weeks of growth which was dominated by green algae based on
fluorescence parameters. However, these structural parameters did not clearly reflect the
multivariate pattern observed in the meta-metabolic fingerprints. The high variability of
pigment ratios between replicates may be related to the fact that all samples have not
been analyzed in the same sequence on the HPLC.
The adhesion of periphyton to the growth substrate differed between exposed and non-
exposed communities with non-exposed communities more tightly attached. Those type
of toxicant effects were also found in the literature. In a field study, Morin et al. (2010)
found more tightly attached periphyton communities in sites contaminated by pesticides
while Guasch et al. (2003) showed that loosely attached algae were more sensitive to
PSII inhibitor atrazine than compact ones. Although the trends we observed had an
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opposite direction, with strongly attached communities less tolerant to prometryn, these
results showed the link existing between exposure to prometryn and changes in periphyton
characteristics.
A clear PICT effect was found during the experiment. Indeed, communities exposed to
prometryn were more tolerant than communities non-exposed at all sampling dates. This
PICT effect indicates that changes in the the structure of the community occurred which
contrasts with pigment analyses and algae class composition. The PICT resulted from the
selection of the species that most tolerate the toxicant (i.e. prometryn) (Blanck, 2002).
Since, most of the communities were dominated by diatoms, identification of diatoms
species composition could be a suitable complement of information to interpret structural
changes and the PICT effect as shown elsewhere (Morin et al., 2010; Rotter et al., 2011).
Additionally, the analysis of the multivariate diatoms species pattern may better reflect
the meta-metabolic fingerprints which were observed.
Although, the analysis of the lipophilic and the hydrophilic meta-metabolic finger-
prints of periphyton communities showed slightly different pattern, both were able to
detect the global difference between communities exposed to prometryn and those not ex-
posed as well as temporal changes related to the pressure exerted by the prometryn over
the 5 weeks of growth and exposure. The lower reproducibility of the hydrophilic finger-
prints compared to the lipophilic fingerprints demonstrated in chapter5 may contribute
to the differences observed in the multivariate patterns. However, we cannot exclude that
the differences observed reflect difference in the biological processes captured by each
type of extracts. For instance, it was demonstrated in Chapter 4 that in populations S.
vacuolatus exposed to PNA, the most sensitive metabolic reactions were detected in the
lipophilic extracts with changes in fatty acids levels while changes linked to adverse effects
were mainly reflected by changes of amino acid detected in the hydrophilic extracts.
6.5.2 Meta-metabolic developmental trajectories and TIS
After multivariate analyses of the meta-metabolome of periphyton communities, meta-
metabolic developmental trajectories have been detected in communities exposed to prom-
etryn. Both hydrophilic and lipophilic meta-metabolic fingerprints exhibited metabolite
changes between the third and the fifth week of growth. Other environmental metabol-
omics studies already described developmental metabolic trajectories in various organisms.
Using an NMR-based approach and principal component analysis, Viant (2003) described
a metabolic developmental trajectory that describe the global changes in the metabolome
of Japanese medaka (Oryzias latipes) during the embryogenesis. In a study of steelhead
trout (Oncorhynchus mykiss) eggs, Turner et al. (2007) detected metabolic trajectories
that reflect the normal development of steelhead eggs and the deviations induced by an
incubation of eggs at a higher temperature. Kluender et al. (2009) revealed metabolic tra-
jectories in the metabolome of the chlorophyte Scenedesmus vacuolatus that occur during
a 14 hours development period as well as toxicant-induced deviations associated to pheno-
typic changes. All these studies described physiological and individual responses occurring
during the development of organisms under normal or stressed conditions. In comparison,
the meta-metabolic trajectories detected during the development of periphyton reflected
the toxicant-induced succession that occurred in exposed communities. During the TIS,
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the most sensitive species to prometryn present in the community were replaced by more
tolerant ones (Blanck, 2002). This succession which resulted in a PICT effect goes along
with a global change on the chemical profile of the community. In comparison, control
communities and solvent-control communities developed between three and five weeks of
growth, as shown by changes in dry weight. However, they do not seem to undergo major
meta-metabolic changes in comparison to prometryn exposed communities. This obser-
vation may suggest that metabolic changes that follow a TIS may be easier to detect than
metabolic changes occurring under normal development. Moreover, compared to algae
class composition or the pigment patterns, metabolic changes described more clearly the
TIS occurring in the periphyton community.
6.5.3 Specific metabolic responses
Interestingly, some specific metabolic responses to the long-term exposure of periphyton
communities to prometryn were detected. The analysis of the lipophilic meta-metabolic
fingerprints revealed that one community (P2) exhibited clear differences to the three
other exposed communities. These differences were detected after four and five weeks of
growth. This periphyton community was also characterized by a two times higher tol-
erance to prometryn than the other exposed communities. Moreover, clear differences
were detected in algae classes compositions with a higher proportion of green algae and
a lower proportion of diatoms after three and five weeks of growth and no green algae at
all after five weeks or growth. Therefore, the GC-MS based metabolomics approach was
robust enough to reveal major effects induced by the toxicant on the metabolic responses
of exposed communities and discriminate these response from the meta-metabolic finger-
prints of non-exposed communities. At the same time, metabolomics is sensitive enough
to detect specific metabolic responses exhibited within a group of exposed communities
and thus reflect the diverse strategies of adaptation or acclimation of communities to the
toxicant. Additionally, a long-term pressure exerted on a specific function of a periphy-
ton community (i.e. photosynthesis was specifically affected by the prometryn) do not
result in one specific meta-metabolic fingerprints. Instead an increase of the variability
of communities structures was observed. In other words, more metabolically dissimilar
periphyton communities may be observed under the same toxicant exposure than under
normal growth conditions. Therefore, the direct pressure exerted by a toxicant may lead
to a PICT effect but may not result in similar structure of the community. As a con-
sequence, it may not be possible to associate a specific meta-metabolic fingerprints to
specific response to a toxicant even in experiments carried out in controlled and stan-
dardized environments such as microcosms. This outcome contrasts with results found at
the population level where specific metabolite responses reflected the mode-of-action of
the toxicant (Aranìbar et al., 2001) and may therefore confirm the low predictability of
processes occurring at the community level (Van Straalen, 2003).
6.6 Conclusion and Perspectives
The aim of this experiment was to assess whether the effects of a long-term exposure to
prometryn induced changes in the meta-metabolic fingerprints of periphyton communi-
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ties grown in microcosms. Results revealed that clear metabolic differences were detected
between communities exposed to prometryn and communities non-exposed. Moreover,
these differences were associated to a PICT effect and clear metabolic developmental tra-
jectories reflected the toxicant-induced succession which occurred in communities exposed
to prometryn. Therefore, the GC-MS based meta-metabolomics approach presented here
can be considered as a promising tool to investigate short-term and long-term responses
of periphyton communities to toxicant exposure and can be a methodological complement




“Contaminants exert their effects at all levels of biological organization, from
molecules to ecosystems.” Clements and Kiffney (1994)
7.1 Summary of the main outcomes
This PhD work was conducted within the frame of effect assessment of chemicals on
microalgal systems. The need to causally link exposure to effect, to detect “early warning”
responses and to understand the propagation of effect of toxicants across levels of biological
organization has been a motivation to use new technologies such as omics in the context
of ecotoxicology. In the present work, metabolomics was chosen to investigate the effects
of toxicants because this methodology focuses on the detection of biomolecules resulting
from the expression of organism’s genes as well as the influence of environmental factors.
Therefore, metabolites may be sensitive targets to detect environmental stress.
The aim of this thesis was to develop and apply an environmental metabolomics ap-
proach on autotrophic systems of diverse complexity to uncover the propagation of the
effects of toxicants at different levels of biological complexity. This challenge was ad-
dressed in four steps.
First, a program was created to automatically handle GC-MS based metabolomics
data. While this method shows the same level of performance as other programs designed
to process metabolomics data, it offers the possibility to perform metabolic fingerprinting
studies and gain insights into the potential pathways affected due to the tentative identi-
fication of metabolites based on mass spectral libraries matching. This program was then
used to handle data resulting from the three experiments that followed.
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In a first experiment, concentration-dependent metabolic changes were investigated in
microalgae populations exposed to the toxicant PNA. The GC-MS based metabolomics
approach revealed to be highly sensitive since changes in the metabolome were detected
at exposure concentrations for which no phenotypic effect was observed. Different effects
of the PNA on the metabolome of the algae were observed at different exposure concen-
trations, validating the concentration-response approach as a methodology to investigate
the effects of toxicants at the metabolite level.
In a second experiment, the use of metabolomics technology was then extended to
the study of periphyton communities. A method to cultivate and sample periphyton for
metabolomics analyses was proposed. It was shown for the first time that metabolomics
can be used for non-targeted analyses of the metabolite content of periphyton communi-
ties. Furthermore, it was demonstrated that different sources of variability can strongly
affect the meta-metabolic fingerprints of the communities. Nevertheless, changes of the
metabolite levels induced by a short exposure (1-5 hours) to the herbicide prometryn were
observed.
Finally, the effects of a long-term exposure (5 weeks) of periphyton to prometryn on
metabolites level were assessed in a third experiment. This investigation revealed that
the exposure to prometryn induced a global change of the meta-metabolic fingerprints of
the periphyton communities. Additionally, metabolite changes reflected the succession of
species known as toxicant-induced succession (TIS) which occurred in communities under
the exposure to prometryn.
7.2 Detection of the effects of toxicants across differ-
ent levels of biological organization
As a result of the increasing chemical pollution of aquatic ecosystems, organisms living in
freshwaters have to cope with more and more contaminants (Schwarzenbach et al., 2006).
In order to improve the understanding of the biological mechanisms behind the responses
to chemical stress, it was proposed to study the toxicant-induced responses at different
levels of biological organization (Clements, 2000). The aim is to find the causal linkage
existing between the initial molecular interaction of the organism with the toxicant and
the subsequent ecologically relevant changes on communities and ecosystems.
In this thesis, it was demonstrated that a metabolomics approach can reflect biological
responses to toxicant exposure that occur at different levels of biological organization. The
results are summarized in Fig. 7.1 and are discussed hereafter.
Metabolic fingerprints of unicellular algae and periphyton communities have been char-
acterized using a GC-MS based approach. Additionally, different biological processes such
as growth, photosynthesis efficiency, algae class composition or tolerance to toxicants were
measured in order to characterize the status of these two microalgal systems under expo-
sure to toxicants. It was shown that the processes screened by the metabolomics approach
ranged from physiological acclimation of organisms to changes in the structure of microal-
gal communities.
While the molecular target of PNA remained unknown, concentration-dependent
metabolic dynamics were detected and directly linked to changes in physiological as well
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as individual responses. Through an enhanced oxidative stress and a shortage of resources
tentatively deduced from metabolites changes, the effect of the PNA may propagate from
photosynthesis to growth of individuals, affect their reproduction and may thus impact
the population dynamics through a reduction of the growth rate. The consequences at
the community level could not be deduced from this single species bioassay.
Prometryn is known to bind to the D1 protein of the photosystem II (PSII) and
block the electron transport chain. The rapid photosynthesis inhibition that followed the
exposure of periphyton communities was associated to time-dependent metabolic changes
which were discriminated from structural differences. When the exposure to prometryn
is maintained, the growth and reproduction of the most sensitive individuals is expected
to be affected and result in an impact on the abundance of the species populations. At
the community level, the most sensitive populations will be replaced by more tolerant
ones based on the PICT concept (Blanck, 2002). While the effect on populations was
associated to time-dependent metabolic trajectories that developed on a week scale, the
final effect on periphyton was characterized by a change of the structure of the community
and metabolic patterns clearly different from those obtained for non-exposed communities.
Although we did not measure effects on food webs, changes of the metabolite composition
of periphyton communities after exposure to prometryn are likely to propagate to the
trophic chain.
To summarize, using a GC-MS based metabolomics approach, we were able to cap-
ture different types of effects (i.e. concentration-dependent or time-dependent metabolic
responses) at almost all scales of biological complexity. Therefore, the metabolomics
technology has the potential to play a key role in the study of the propagation of toxi-
cant effects across different biological levels. However, it might be still necessary to link
metabolomics results to established observation parameters in order to give a full sense
to the information carried out by metabolite changes.
7.3 Perspectives and challenges
Three perspectives and challenges related to the study of the responses of organisms to
natural and anthropogenic stressors were derived from the results of the present work and
are discussed hereafter.
Approaches to modeling concentration-dependent metabolic changes
While the concentration-response approach coupled to metabolomics showed promising
results to investigate the effects of toxicants on organisms, the multivariate analysis of the
metabolomics data may still be challenging. The PCA, a linear unsupervised multivariate
method, was used in the present work to extract and describe the main concentration-
dependent metabolic trends. Other authors used the PCA to reveal concentration-
dependent metabolic changes in organisms (McKelvie et al., 2009; Viant et al., 2006b),
while some used supervised techniques based on partial least squares regression (PLS) to
build predictive models (Jones et al., 2008). We showed that metabolites can change in a
non-linear and non-monotonic manner along the concentration gradient. Therefore, non-
linear multivariate methods such as self-organizing maps (SOM) or non-linear PCA may
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Figure 7.1: Summary of the toxicant-induced changes in microalgae at different levels
of biological organization. The cascade of biological effects from the molecular binding
of the xenobiotic to the community response is represented for the two contaminants
tested, i.e. PNA and prometryn. The biological processes studied (grey boxes) were
directly measured (normal font) or indirectly deduced (italic) from literature. The dark-
grey arrows represent the range of effects covered by different types of metabolic changes
while the light-grey arrow underlines the overall range of detection of metabolic changes
revealed in this thesis. DW and TIS stand for dry-weight and toxicant-induced succession,
respectively.
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be preferred to extract and model concentration-dependent metabolic changes in future
studies.
Metabolomics for the PICT
We demonstrated that metabolomics technology presents good characteristics to com-
plement the methodology used for the PICT. Indeed, the effects of short and long-term
exposure to a toxicant were detected in the meta-metabolic fingerprints of periphyton
communities.
It was shown that metabolomics can be used to follow the ecological succession that
occurs over weeks during the selection phase of the PICT. Thus, it may be possible to
identify specific succession processes based on metabolic information.
Metabolomics could be used in the short-term detection phase to characterize the
short metabolic changes that are developed in communities that possess different toler-
ances. Such an approach may be able to identify different responses of metabolites or
metabolic pathways to stress, that could reflect different strategies of physiological accli-
mation within communities. However, few important challenges should be tackled before
reaching these goals.
Firstly, concentration-dependent metabolic changes should be investigated on peri-
phyton communities. The detection phase of the PICT is based on short toxicity tests
in which concentration-response relationships are established for a functional parameter
(e.g. photosynthesis). We showed that metabolomics can detect concentration-dependent
metabolic changes at the population level. Since meta-metabolic fingerprints can be
impacted by different sources of variability, it may be challenging to reveal concentration-
dependent metabolic changes at the community level.
Secondly, the modeling of concentration-dependent metabolic responses does not only
rely on new multivariate analyses as previously discussed, but it will be necessary to
develop new approaches to derive threshold or quantitative values, such as EC50 of pho-
tosynthesis inhibition, to estimate the tolerance of a community based on metabolites
information.
Finally, changes in meta-metabolic fingerprints of periphyton communities should also
be investigated for compounds that do not act primarily on photosynthesis. We showed
that different metabolic trajectories and patterns can develop in periphyton communities
exposed to the one toxicant. Thus, it is probable that a high diversity of metabolic
responses will be found for communities exposed to differently acting toxicants. It may be
interesting to investigate whether the differences induced in meta-metabolic fingerprints
by different compounds are greater than the differences that may result from the responses
to one toxicant.
Meta-metabolomics for field studies
The initial premise of this thesis was related to the presence of two contaminants, i.e. PNA
and prometryn, in the sediments of a river situated in a former industrial site in eastern
Germany. Metabolomics approaches were developed to investigate the effects of these
toxicants on microalgal systems cultivated in a laboratory and it was demonstrated that
metabolomics could detect biological changes at different levels of biological organization.
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Therefore, it may be interesting to perform a field experiment to reveal the effect of these
toxicants on periphyton communities and to assess the robustness of metabolomics results
in a non-controlled environment.
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In order to derive a causal understanding of toxic effects in organisms, ecotoxicology may
benefit from linking molecular changes, evaluated by ‘omics’ - techniques, to phenotypic
observations. However, an approach to link these observation levels is still lacking.
The aim of this study was to relate metabolic changes in the chlorophyte S. vacuolatus
to established parameters of toxicity. Therefore, synchronized cultures of the alga were
exposed for 14 hours to the phytotoxicant N -phenyl-2-naphthylamine (PNA) in the range
of 0.00089 µmol L−1 (environmental concentrations) up to 1.82 µmol L−1. Cell growth
and photosynthesis inhibition were evaluated but revealed no effects of PNA below ex-
perimental concentrations of 0.456 µmol L−1. Changes in the biochemical composition
of algae were measured by GC-MS in both polar and non polar phases. PCA uncovered
no separation in the multivariate pattern of mass spectral features below exposure con-
centrations of 0.00356 µmol L−1 of PNA. However, a clear separation was detected at
concentrations higher than 0.00713 µmol L−1. A combined visualization of PCA results
for metabolic changes and concentration-response relationships for growth and photosyn-
thesis inhibition revealed (I) a two orders of magnitude higher sensitivity of metabolomics
to detects changes after PNA exposure compared to the phenotypic parameters measured
and (II) two types of metabolic responses: one group of features was reflecting pharma-
cological effects at low exposure concentrations and the second group corresponded to
adverse effects along with conventional observations of toxicity.
Keywords: Metabolomics, toxicity assessment, xenobiotic effect, phytotoxicity, photo-
synthesis
Metabolomics aims at analyzing the low-molecular-weight endogenous molecules which are
involved in functions of maintenance and growth of organisms. It gives an unbiased and
integrated snapshot of their current metabolic status (Ankley et al., 2006). Metabolomics
has already proven its efficiency in an ecotoxicological context to assess, for instance, time-
response relationships of metabolite levels in a green alga after exposure to a herbicide
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(Kluender et al., 2009). This technology holds the potential of detecting new sets of
robust biomarkers for environmental stress of aquatic organisms (Viant, 2007) and may
provide insights into the mode-of-action of substances (Ankley et al., 2006). However,
linking metabolomics to conventional parameters of toxicity considered suitable for risk
assessment of chemicals is still a challenging task.
Traditionally, effect assessment in ecotoxicology is based on quantitative
concentration-response relationships, performed on a reduced set of defined biological
endpoints, which usually include growth and development, survival and reproduction
(Adler et al., 2007; Ankley et al., 2006). In contrast, metabolomics is based on a system-
wide analysis of several hundred metabolites, which implies a multivariate evaluation of
data.
In this study, we linked metabolomics data, obtained with gas chromatography cou-
pled to mass spectrometry (GC-MS), to two phenotypic endpoints, cell growth and pho-
tosynthesis efficiency inhibition in the green alga S. vacuolatus exposed to N -phenyl-2-
naphthylamine (PNA). This environmental pollutant with an unclear mode-of-action is
present in sediments of the Bitterfeld area, Germany. Our aims were to test the sensitivity
of metabolomics compared to classical parameters used in ecotoxicology and to show that
the two approaches complement each other.
The experimental protocol followed was extensively described in Kluender et al.
(2009). Briefly, populations of the unicellular green alga S. vacuolatus were synchronously
grown in sterile medium at controlled conditions. 12 algal populations were exposed for
14 hours to PNA in a concentration range of 0.00089 - 1.82 µmol L−1 (dilution factor 1:2).
Additionally, 4 negative controls, 4 solvent controls and 2 method blanks were prepared.
Cell volume and cell numbers were measured using a cell particle counter (CASYII,
Schärfe System, Reutligen, Germany). Growth of cells, estimated by cells volumes
changes, was measured on aliquots of samples after 14 h of incubation. For de-
tails see Altenburger et al. (2004). The maximum quantum yield of the photosys-
tem II (Fv/Fm) was quantified applying the saturation – pulse method using a Maxi-
Imaging PAM-fluorometer (WALZ, Effeltrich, Germany) after 20 min of dark adap-
tation of aliquots of the suspended cultures of S. vacuolatus (Franz et al., 2008).
Relative inhibitions of algal growth and photosynthetic activity were calculated and
concentration-response relationships were modelled using log-logistic analysis as described
in Schmitt-Jansen and Altenburger (2007).
The metabolomics protocol was performed according to Kluender et al. (2009).
For each sample, 10 µL of fresh biomass of algae was harvested by filtration after
14 h of growth. Metabolites of the freeze dried samples were extracted using wa-
ter/methanol/chloroform. The polar and the non-polar fractions of metabolites were sub-
jected respectively to methoximation and methanolysis, followed by silylation. Samples
were then injected into a gas chromatography coupled to a mass spectrometer equipped
with electron impact ionization (EI) from Agilent Technologies (Santa Clara, USA).
After manual inspection of chromatograms, preprocessing of data was carried out
with XCMS (Smith et al., 2006), a program implemented with the R statistical language
(http://www.r-project.org/). It performs peak finding, alignment and peak picking
of mass spectral features in an automated and unbiased way. It has been used success-
fully in a metabolomics study of human urinary samples (Kind et al., 2007). After an
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optimization procedure, the parameters of XCMS were set to 15 for the full width at half
maximum of matched filtration Gaussian model peak, 30 and 10 for the group bandwidth
in the first and second grouping step, respectively, 15 for the signal to noise cutoff and 0.5
for the maximum number of groups in a single m/z slice. The polar and the non-polar
fraction were processed separately. Artifacts coming from the experiment were removed
by analysis of “reagent+methods blanks” as suggested in Kind et al. (2007).
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Figure 1: Scores plot (A) and loadings plot (B) of the PCA of metabolomics data. Each
box in the score plot represents a sample with a label standing for the exposure concen-
tration in µmol L−1. In the loadings plots, “features” obtained via xcms are represented
by a × for the polar fraction and by a • for the non polar fraction.
The Figure 1 depicts the results of the PCA based on metabolomics data. 74% of
information stored in the data set of 807 features could successfully be displayed with
58% and 16% carried by the principal component 1 (PC1) and the principal component
2 (PC2), respectively. Three groups of samples are visible in the scores plot (Fig.1 A).
PC1 describes the difference between the group of control samples together with samples
exposed to concentrations below 0.00356 µmol L−1 on the left and the group of samples
exposed to PNA in the range 0.00713 to 0.228 µmol L−1 on the right. The PC2 shows the
difference between samples exposed to the three highest doses, respectively 0.456, 0.912
and 1.82 µmol L−1 and all the other samples. On the loadings plot (Fig.1 B), we can
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observe that most of the features are situated on the right side or on the top of the plot
and are characteristic of the low dose samples and high dose samples, respectively.
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Figure 2: Log-normal distributions of data for phenotypic and metabolic observations.
Growth (triangle) and photosynthesis (pentagon) inhibition concentration-response mod-
els are displayed respectively by dotted and dashed curves. Scores values of samples along
PC1 and PC2 are displayed by black dots and gray squares respectively, using linear in-
terpolation between each value to better visualize dynamics.
Concentration-response curves of cell growth and photosynthesis inhibition are sum-
marized in Figure 2. These two phenotypic observation parameters were clearly inhibited
in the concentration range of 0.45 - 1.82 µmol L−1, which suggests adverse effects on the
chlorophyte (Adler et al., 2007). Scores of samples on the principal component 1 and 2
were displayed against the concentration in the Figure 2, in order to ease the compari-
son of the two kinds of results. Two clear dynamics became obvious: At medium PNA
concentrations in the range of 0.00713 - 0.228 µmol L−1 the PC1 is reacting in a double
biphasic manner whereas the PC2 and the other observation parameters do not show any
dynamics. At higher concentrations PC2 follows a typical concentration-response curve,
highly correlated with the growth and the photosynthesis inhibition.
Tennant (2002) proposed to distinguish pharmacological from toxic effects, the latter
one being associated either with or causal of adverse effects. By anchoring our metabol-
omics results to phenotypic endpoints, i.e. growth and photosynthesis, we could distin-
guish a pharmacological effect in the range of 0.00713 to 0.228 µmol L−1 from a toxic
effect on algae exposed to 0.456 µmol L−1 and higher concentrations of PNA. This phar-
macological effect could describe direct effects of N -phenyl-2-naphthylamine on functions
not inspected here but reflected by changes in metabolism as well as adaptation of the
organism to the stress, at concentrations almost two orders of magnitude lower than the
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others observation parameters. Finally, the high sensitivity of metabolomics to detect a
wide range of effects proves its utility for ecotoxicological questions.
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Abstract
The aim of this PhD project was to use a GC-MS based metabolomics approach to inves-
tigate the changes induced by toxicants on freshwater autotrophic organisms at different
biological complexity. Metabolomics is defined as the comprehensive analysis in which all
metabolites present in a biological sample are identified and quantified.
First, a method has been developed to handle metabolomics data. Indeed, metabol-
omics investigations are characterized by high numbers of samples and complex data
generated by advanced technologies. Data generated by a GC-MS system should be
automatically handled by programs that perform the required signals detection and de-
convolution, retention time correction, eventually identification and matrix generation.
The method Metabolomics Oriented Pre-processing (MOP) developed here collects the
outputs generated by the Automated Mass spectral Deconvolution and Identification Sys-
tem (AMDIS), sorts and align chromatographic peaks and generate a data matrix readily
usable for statistical analyses. The results of this routine were validated by comparison to
other methods and software and showed a high accuracy though using a simple and intu-
itive procedure. Then, the effects induced by exposure to toxicants have been investigated
on two systems of different biological complexity.
Populations of the unicellular chlorophyte Scenedesmus vacuolatus were exposed to the
sediment contaminant N -phenyl-2-naphthylamine (PNA) for 14 hours. Concentration-
dependent metabolic effects have been particularly investigated. By linking concentration-
dependent metabolic changes to phenotypic effects such as growth and photosynthesis,
two types of effects of PNA have been revealed. A pharmacological effect, characterized by
important metabolic changes compared to controls but no visible phenotypic effect, was
detected at medium exposure concentration of PNA. Changes in energy metabolism, fatty
acids metabolism and metabolites usually responding to oxidative stress were interpreted
as the response of the algae to cope with stress. A toxic effect was found at high exposure
concentration where both metabolic profiles and phenotype of the algae were clearly
affected compared to the controls. Other pathways of the metabolism involving mainly
amino acids were found to change at toxic PNA concentrations and were interpreted as
an attempt of the algae to cope with the lack of energy by performing proteolysis.
Finally, a metabolomics strategy has been established to investigate the effect of tox-
icant on periphyton communities. The photosystem II inhibitor prometryn has been
used to expose periphyton communities in laboratory in two experiments. It was shown
that metabolomics technology is suitable to reveal the chemical phenotype of periphy-
ton and that metabolic changes induced by exposure are rapidly detected. However,
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many sources of variability can affect meta-metabolic profiles of periphyton and may
hide toxicant-induced effects if not controlled properly. Longer exposures to prometryn
induced changes in periphyton tolerance to the toxicant quantified using the pollution-
induced community tolerance (PICT) concept and major changes in their meta-metabolic
profiles. Clear metabolic trajectories reflected the toxicant-induced succession occurring
in stressed communities after 3, 4 and 5 weeks of growth. Metabolomics was sensitive
enough to reflect the specific trajectory followed by one periphyton community to tolerate
the herbicide prometryn.
This PhD work demonstrated that a GC-MS based metabolomics approach is sensitive
and robust enough to detect toxicant-induced changes across different level of biological
complexity, i.e. from the unicellular algal population level to the community level. More-
over, metabolic profiles reflect biological processes that develop over different time scales
like physiological acclimation of organism occurring in seconds to hours and structural
reorganization of communities that take few weeks.
Keywords:
Metabolomics; Ecological/environmental risk assessment; early warning detection;
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